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Abstract

Crosshole ground penetrating radar (GPR) methods are increasingly used in time-lapse studies of
flow in the uppermost near subsurface with important implications for our understanding of e.g.,
water infiltration in the unsaturated zone, and fluid flow in the saturated zone. A particular
challenge in such time-lapse crosshole studies is the trade-off between collecting sufficient data to
be able to resolve how a tracer moves, and, minimizing the data acquisition time such that the
data approximates a static state. We test how dense recording geometries are needed for
resolving a gas bubble injected in a highly heterogeneous chalk reservoir analogue using a full-
waveform inversion (FWI) approach for modelling the crosshole GPR data. We show that even
relatively sparse geometries provide sufficient resolution of the permittivity contrast caused by
the gas bubble, provided that the detailed background permittivity structure is known from prior
(before gas injection) FWI analysis of densely recorded high-resolution data. The conductivity
contrast caused by the gas is more challenging to recover and the resolution suffers to a higher
degree when reducing the survey geometry or at higher noise levels. As long as the permittivity
change during the time-lapse experiment is the main target, a significant reduction in acquisition
time is therefore possible as compared to the time needed to record the background permittivity

structure. This reduced acquisition time has important practical implications for time-lapse
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experiments under realistic conditions. Our results are based on synthetic analysis based on a
realistic subsurface scenario closely linked to characterization of heterogeneous chalk reservoirs.
However, our findings also have important implications for planning of future time-lapse studies in

other settings.
1. Introduction

Time-lapse experiments using crosshole ground-penetrating radar (GPR) tomography are efficient
in characterizing changes in water saturation in the near subsurface (see update paper by
Klotzsche et al., 2018). Knowledge obtained from time-lapse experiments is important, for
instance when characterizing recharging of aquifers, flow in reservoir rocks, as well as
contaminant transport in the subsurface (e.g., Hubbard et al., 1997; Binley et al., 2001; Day-Lewis

et al., 2003; Looms et al., 2008; Haarder et al., 2012; Lassen et al., 2015).

A tracer fluid or gas is typically injected into the formation and its flow across the studied interval
is monitored by collecting GPR data at selected time intervals. The radar wave velocity is mainly
controlled by the relative permittivity of the subsurface, and is highly sensitive to the moisture
content of the sampled volume because of the substantial difference between the relative
permittivity €,= 1 of air (gas) and water &,= 80 (Davis and Annan, 1989). Further, variations in
electrical conductivity caused by the applied tracer may result in radar wave amplitude changes
that are strong enough to affect the results obtained from application of FWI (Meles et al., 2010;
Klotzsche et al., 2019). Interpretation of time-lapse data has largely been carried out applying ray-
based inversion methods (e.g., Binley et al., 2001; Looms et al., 2008). Here, differences in the
resulting subsurface tomograms obtained for different times after fluid/gas injection are

interpreted to show the tracer movement and extension.

The applied tracer is typically designed to create a strong contrast to the background media.
Strong anomalies of small size are difficult to handle for ray-based inversion methods because of
the inherent limitations linked to such approaches. The resolution of the subsurface models is
improved by using full-waveform inversion (FWI). Several case studies have applied the FWI
algorithms developed by Ernst et al. (2007a) and Meles et al. (2010), and demonstrated that FWI
resolves small-scale structures and higher resolution images than ray-based inversion methods
(e.g., Ernst et al. 2007b; Klotzsche et al., 2013; Gueting et al., 2017 and Keskinen et al., 2017).

Furthermore, Klotzsche et al. (2013) were able to correlate a zone of higher permittivity with
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zones of preferential flow within a gravel aquifer indicating the possibility to detect preferential

flow paths of gas and water in different environments.

A key aspect in time-lapse GPR experiments is the selected data acquisition strategy. When
collecting data for crosshole tomography, the subsurface is typically sampled using the so-called
‘multiple offset gather’ (MOG) acquisition technique presented e.g., in Binley et al. (2001). With
this measurement geometry, a transmitter antenna is kept in fixed positions in one borehole while
a receiver antenna is lowered in discrete steps in the other borehole illuminating the section
between the boreholes at different angles. Such an acquisition strategy allows for resolving the
subsurface variations vertically and to some extent laterally. If mainly vertical changes (horizontal
layering) in the studied section are relevant, the subsurface can also be sampled efficiently using
so-called zero-offset profiling (ZOP), where transmitter and receiver antennae are lowered in
parallel down the boreholes in discrete steps (see e.g., Binley et al., 2001). In both cases the
collected datasets have to be dense enough to provide reliable results for the target of the
investigation. Nevertheless, time consuming data collection with many transmitter-receiver
positions may be problematic due to possible significant fluid/gas movement during the
acquisition time interval. For example, Lassen et al. (2015) observed that gaseous CO, migrated

laterally approximately 2 m away from the injection point during only two hours.

The resolution study conducted by Oberréhrmann et al. (2013) focused on optimizing transmitter
and receiver spacing to obtain adequate ray coverage for reliable FWI results, while reducing
computation time. They used for example the MOG data acquisition with 0.5 m transmitter
spacing and 0.1 m receiver spacing, and, repeated the measurements after changing the
transmitter and receiver boreholes using a semi-reciprocal setup. This approach resulted in
approximately 4.5 hours of data acquisition time. Also, Keskinen et al. (2017), Ernst et al. (2007b),
and Yang et al. (2013) choose a sampling strategy to ensure dense data coverage for FWI by
performing either two-sided or one-sided dense measurements (higher computational costs).
Coarser transmitter and receiver spacing are applied in the experiments of Ernst et al. (2007b) and
Klotzsche et al. (2014). Their results suggest that sufficient ray coverage for reliable FWI results

may also be obtained with a sparser dataset and hence shorter acquisition times.

The tracer migration in the subsurface sets a strict time limit on crosshole GPR data collection.

Therefore, we study the trade-off between the acquisition time and the resolution of the models
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obtained from FWI of crosshole GPR data. Specifically, we apply different acquisition strategies for
resolving models that illustrate a time-lapse experiment, where gas is injected into a strongly
heterogeneous water-saturated medium to form a small, but strong/distinct anomaly to the
surroundings. For this purpose, we use realistic subsurface relative permittivity €, and electrical
conductivity o distributions obtained from the FWI crosshole GPR study by Keskinen et al. (2017)
and apply FWI to investigate how each of the selected data acquisition geometries perform in
resolving the location, size and magnitude of the anomaly. Thus, in contrast to earlier synthetic
resolution studies, we base our investigations on a concrete case, where highly contrasting chalk
deposits are investigated. Study of this chalk sequence is considered essential for improved
reservoir characterization of onshore groundwater reservoirs in Denmark and offshore
hydrocarbon reservoirs in the North Sea. Moreover, since the studied sequence has been mapped
with high resolution crosshole GPR data using FWI analysis (Keskinen et al., 2017), we only need to
resolve variations from the already established high-resolution image in our synthetic time-lapse
experiments. Trade-offs between realistic acquisition times, resolution of the tracer anomaly, the

effect of noise, and possible tracer movement during data acquisition are discussed.

2. Designing the synthetic experiment
2.1 Acquisition geometries

Former FWI studies conducted with experimental crosshole GPR data used different choices for
the data acquisition geometry and the resulting data coverage. For example, the experiments by
Ernst et al. (2007b) and Yang et al. (2013) used transmitter spacing from 0.4 m to 0.5 m, while the
receiver spacing varied from 0.05 m to 0.5 m, respectively. They used the MOG data acquisition
technique and kept the transmitter in one borehole, while the receiver was kept in the other
borehole. Thus, for those experiments the dataset is one-sided. If the transmitter or the receiver
spacing is large, the ray coverage may be too sparse and may lead to poor FWI results, in particular
close to the model edges and boreholes. Oberrérhmann et al. (2013) compared three different
acquisition geometries and their impact on the resolution of the obtained subsurface models. The
investigated datasets of that study consisted of a one-sided sparse geometry with 0.5 m
transmitter and 0.1 m receiver spacing, and a one-sided dense geometry with 0.1 m transmitter

and receiver spacing. The third dataset investigated by Oberrérhmann et al. (2013) was a two-
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sided setup, which was composed of two subsets with transmitters at every 0.5 m and receivers at
every 0.1 m. The first subset of the two-sided data was recorded by keeping a transmitter in the
first borehole, while a receiver is kept in the other borehole. For the second subset, the
transmitter and receiver locations were interchanged (semi-reciprocal). The semi-reciprocal setup
was introduced by Klotzsche et al. (2010) to minimize the acquisitions time and the computational
cost for the FWI. Oberrérhmann et al. (2013) conclude that the two-sided setup results in
acceptable FWI results, while reducing both computing time and acquisition time by reducing the
number of measurement points. While the dense one-sided dataset takes approximately 9 hours
to collect, the two-sided dataset is collected in only 4.5 hours. Klotzsche et al. (2014) used 100
MHz antennae systems and even sparser sampling with a transmitter spacing of 1 m and a receiver
spacing of 0.25 m. As this dataset was two-sided, the ray coverage close to the boreholes was

sufficient for reliable FWI results in their case.

We choose to investigate two-sided crosshole datasets and compare seven different survey
geometries (see Fig. 1). The dense two-sided MOG acquisition geometry from Keskinen et al.
(2017) is used as the reference geometry (see Fig. 1A) and is also the geometry used to achieve
the background permittivity distribution. Thus, the reference recording geometry used here
consists of 40 transmitter positions, one at every 0.5 m down a 15 m deep borehole. For each
transmitter gather, we have 156 receiver positions, one at every 0.0625 m, resulting in a total of
6240 recorded traces. For the 100 MHz PulseEKKO GPR system (Sensors & Software, ON, Canada)
used by Keskinen et al. (2017), the first side (20 transmitter gathers) of such a dataset requires
approximately 4.3 hours of data collection, assuming that the time delay between each trace is 3
seconds, and that the additional time needed between subsequent transmitter gathers is 5
minutes. Note that also the choice of time window, time sampling and stacking of the traces is

affecting the acquisition time, which are assumed to be constant for this study.
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Figure 1: Data coverage for the first half of each dataset transmitter positions are indicated with
red circles and receiver positions with blue dots. Table 1 shows the data acquisition parameters

for each of the survey geometry.

Other, sparser, recording geometries are designed and tested. The sparse two-sided MOG survey
geometries; Sparse 1-5 (Fig. 1B-F), are different subsets of the dense geometry. They are designed
so that only the receiver spacing is increased (Sparse 1) or that both the transmitter and the
receiver spacing are increased (Sparse 2-5). In addition, we test one ZOP strategy with 25 cm
transmitter and receiver spacing (Fig. 1G). The data collection routine in the field requires at least

the following steps:

1. Collect starting calibration data (time-zero correction) for the first half of the entire data.

2. Record the first side of the entire MOG dataset or record the first ZOP data (transmitter in
borehole 1, receiver in borehole 2).

3. Collect calibration data.

4. Carry out required tasks to record the second half of the dataset (e.g., move the
equipment, change batteries).

5. Collect starting calibration data for the second half of the entire dataset.

6. Record the second half of the entire MOG dataset or record the second ZOP data
(transmitter in borehole 2, receiver in borehole 1).

7. Collect final calibration data.

We assume that the time needed for the starting calibration (for correcting the time zero of the
data), the final calibration and the time needed for interchanging the transmitter and receiver
boreholes is the same for all survey geometries. Also, both MOG and ZOP data are collected as
two-sided datasets. This is done to ensure that all data analysis is conducted exactly the same
manner for all of the tested survey geometries. For the ZOP survey a one-sided dataset would, in
principle, provide the same information as the two-sided. Table 1 compares the acquisition times
for the first half of each acquisition setup. Table 1 also shows the survey parameters for all

recording geometries.
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Dense Sparse 1 | Sparse 2 | Sparse 3 | Sparse 4 | Sparse5 | ZOP
Transmitter spacing (m) 0.5 0.5 1 1 1 2 0.25
Receiver spacing (m) 0.0625 | 0.5 0.25 0.5 1 0.25 0.25
Number of transmitter positions 40 40 20 20 20 10 78
Number of receiver positions 312 40 78 40 20 78 78
Number of collected traces 6240 800 780 400 200 375 78
Number of traces used in FWI 4078 521 510 260 128 253 78
Acquisition time per transmitter 7.8 1 2 1 0.5 2
gather (mins)
Estimated acquisition time per the | 256 120 70 60 55 35 7
first half of the dataset (mins)

Table 1: Survey geometries shown together with the estimated data acquisition times for an
individual transmitter gather (MOG and ZOP strategies) as well as for half a dataset, respectively.

Number of recorded traces differs from the number of traces used in the FWI.

For ray-paths with high angles an increasing apparent-velocity can be observed, and to avoid
artefacts in the tomographic inversion the field data has to be reduced (Peterson, 2001; Irving and
Knight, 2005). Therefore, transmitter-receiver pairs that have an angle higher than 40 degrees
above the horizontal are removed from the datasets used in FWI. Table 1 shows the number of
traces used in FWI for each tested survey geometry and Figure 1 illustrates the data coverage of

these recording geometries.

2.2 True Subsurface Models and Synthetic GPR Data
2.2.1 The background models

As mentioned above, Keskinen et al. (2017) applied FWI on GPR data collected in a chalk quarry to
map heterogeneity of the rocks and estimate a high-resolution porosity model in the fully water-
saturated part of the studied section. We use the final subsurface permittivity €,, conductivity o,

and bulk porosity ¢ distributions from their study as reference models representing the situation
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before a gas bubble is introduced into the subsurface. Moreover, for simplicity the mean

groundwater conductivity of 88.1 mS/m from their measurements is chosen for this study.

2.2.2 Influence of a gas bubble

Tracer experiments, e.g., by Hubbard et al. (1997), Tomlinson et al. (2003), Cahill et al. (2013), and
Lassen et al. (2015), show that a tracer substance can create strong local anomalies with gas
saturation from 30% up to 65%. Therefore, in our synthetic test modelling the true subsurface
models represents a setting where gas has partially replaced a small volume of pore water from
the reference €, and o models. The water saturation in the gas bubble is 70% and the electrical
properties of the gas are assumed the same as for air. Mount and Comas (2014) compared
different methods to estimate porosity in a limestone sample and concluded that complex
refractive index model (CRIM) (e.g., Lesmes and Friedman, 2005) performs well in estimating bulk
porosities from GPR measurements. Also, Keskinen et al. (2017) assumed that the dielectric
properties of chalk do not significantly differ from those of limestone. In this study, the influence
of the gas on the bulk permittivity g, is therefore calculated using the previously estimated bulk

porosities ¢ and CRIM for partially saturated media (Lesmes and Friedman, 2005):
\JEb = SPJEw + P(1 - S)nfEa + (1 - P)v/Em. (1)

The rock matrix is considered to be pure calcite and the permittivity values for water, air and
calcite are £,,= 80, g,= 1 and g,,, = 8, respectively (Davis and Annan, 1989; Lebron et al. 2004).

Water saturation in fraction is indicated with S.

A first-order estimate of the influence of the gas bubble on the bulk conductivity oy, is estimated
using Archie’s law ( e.g., Lesmes and Friedman, 2005) for partially saturated media, and the
groundwater conductivity (o,, = 88.1 mS/m, Keskinen et al., 2017) and the previously obtained

bulk porosity model ¢ are assumed to be related as follows:

op = 0,0™SY, (2)

where m is the cementation exponent and d is the saturation index. Witthiser et al. (2000)
collected chalk samples close to the study area of Keskinen et al. (2017) and estimated the
cementation exponent m = 2.2 for these samples. We use the same value for this synthetic study.

8
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The saturation index d is usually larger than the cementation factor m because the conducting
paths become more tortuous with decreasing saturation (Lesmes and Friedman, 2005). For
simplicity, we choose a saturation index d = 2.2 in our study, as this also gave reliable results in

Keskinen et al. (2017).

2.2.3 Calculation of synthetic crosshole GPR data

Synthetic noise-free GPR data for each acquisition setup are obtained using the 2D forward
modeling algorithm by Meles et al. (2010), which is based on finite-difference solutions of
Maxwell’s equations in the time-domain. The final FWI results of the subsurface €,, g, and the
effective source wavelet of Keskinen et al. (2017) are used to derive the synthetic data. The source
wavelet has a center frequency of 27 MHz. The resulting GPR datasets (measured data) have a
frequency spectrum comparable to experimental crosshole GPR data collected from water-
saturated chalk as the center frequency of the recorded signals varies between less than 30 to ~70
MHz, depending on the depth of the studied interval (see Keskinen et al. (2017) for more
details).The gas bubble was added at a depth of approximately 11 m. Noisy datasets are obtained
by adding random noise on the modeled noise-free GPR data. We assume that the noise is
Gaussian with a mean amplitude A=0 and standard deviation std = 0.51x10°¢ for a low noise
scenario, std = 1.02x10°¢ for an intermediate noise scenario, and std of 1.53x10 for a high noise
scenario (Figure 2). The level of noise in the high-noise scenario is determined by choosing the
remaining root-mean-square-error rms=1.53x10" from the final FWI results in Keskinen et al.
(2017). The noise estimated this way is rather high compared to the observations from the
experimental data in their study, see Figure 2C. Therefore, it is reasonable to test the other two
scenarios as well. The intermediate and low noise levels are 1/3 and 2/3 of this value, respectively

(Figures 2A and 2B).
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Figure 2: (A) Low, (B) intermediate, and (C) high noise added on the synthetic data (red). The noise
is random Gaussian noise with a standard deviation std of, 0.51-10%¢, 1.02-10¢, and 1.53-10°,

respectively. The black trace represents the noise free trace.

2.3 Full-waveform inversion of crosshole GPR

FWI method is based on a conjugate-gradient type inversion scheme that simultaneously retrieves
the subsurface € and o distributions (more detail in Meles et al., 2010). One of the main challenges
in applying this method on field data is finding suitable starting models for € and o, as well as
finding a representative effective source wavelet to describe the interaction between the
formation and the emitted electromagnetic wave (e.g., Klotzsche et al., 2019; Keskinen et al.,
2017). In this synthetic study, we use the final effective source wavelet estimated by Keskinen et
al. (2017) and assume that source wavelet is not changing during the injection. Therefore,
differences in the FWI results arise from the survey geometries only and are not influenced by the
source wavelet. The gas bubble changes the electrical properties of the subsurface in a small area,
while most of the model remains the same. It is therefore reasonable to assume that the source
wavelet estimated using a fully water-saturated model and a source wavelet estimated from the
models with a gas bubble do not significantly differ from each other. Note that in realistic tracer
experiments an effect on the effective source wavelet could be expected if changes in the

borehole fillings are present (Klotzsche et al., 2019).
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The FWI method of Meles et al. (2010) is solving the misfit function C(g,0) between modeled E®

(g,0) and measured electrical E j4(€,0):
C(e0) =33 % % [E5(6,0) - Eufo(60)] | - 6(x - xot - D|E*(£0) - Eofs(£,0)] (3)
(€,0) 24 gl gl (€,0) obs(€,0) dr (x - x4t -1) (€,0) obs(€,0) dr’

The sum is calculated over sources s, receivers d and observation times t; § is the Dirac’s delta
function, t the time, x the location and x4 the receiver position. Vectors are denoted with bold
letters. The electrical fields are modeled by solving Maxwell's equations with finite-difference
approach in time-domain and consider the vectorial behavior of the fields. The FWI algorithm of
Meles et al. (2010) finds the minimum of the misfit function C(g,0) by applying a gradient based
iterative least-squares method. At each iteration (step k), first synthetic electrical fields E°(g,0)
are calculated using the current subsurface models (g, and g,). Second, the subsurface model
update directions VC, and VC,, are estimated. Third, two step lengths C. and G, are calculated to
determine how much the subsurface g, and g, models need to be updated for the next iteration
(step k+1) to minimize the cost function. The next iteration (k+1) is carried out the same way as
above, but with the new updated subsurface models (gx,; and oy;1). The process continues until
the FWI has converged, the root-mean-square-error rms between to subsequent iterations is
changing less than 0.5%, and is in total reduced by minimum 50% compared to the starting

models.

The FWI method requires suitable starting models €, and o that provide synthetic data within half
a wavelength of the measured data to able to perform the first iteration step (Meles et al., 2010).
We used as starting models the final permittivity and conductivity models of Keskinen et al.
(2017), which represent the fully water-saturated subsurface before the tracer gas is injected into
the subsurface. The model area for the inversion is discretized into 12 cm by 12 cm cells (forward
model 3 times finer), and we define a damping zone of 48 cm wide around the boreholes
locations. In these zones, the model updates by the FWI are heavily dampened to avoid strong
artefacts close to model edges. Outside the dampening zones, the FWI is allowed to freely update
the subsurface models. Perturbation factors that are necessary for the step length calculations
need to be define and optimized in the beginning of the FWI. These factors influence the
magnitude of the allowed subsurface model updates. In this study, these perturbation factors are
optimized so that the obtained results have the smallest rms while the anomaly shape and

magnitude induced by the gas bubble are well-constrained.

11
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The final FWI results is decided when following criteria are fulfilled: rms curve converges, the rms
between modeled and measured data changes less than 0.5% between subsequent iterations, the
total rms is decreased by at least 50% from the starting model, a good fit between the measured
and modeled data in the entire domain, and remaining permittivity and conductivity gradients
have decreased close to zero value. The rms criterion is based on the observation that the final
subsurface models remain practically unchanged during the following iterations even if the data
used is noise-free. Setting a stricter rms criterion, for example 0.1%, does not bring any additional
information on the final results. The rms criterion is applied both on the noise-free and noisy data.
Therefore, the number of iterations needed to reach the convergence criterion is different for
each presented test. The number of iterations needed for convergence decreases when the level

of noise increases.

3. Results
3.1 Different acquisition setups

The true subsurface input €,and o distributions including the gas bubble used for testing are
shown in Figures 3A and 4A. The gas bubble permittivity in the true g, distribution is approximately
13 units lower than in the background distribution forming a strong and small low-permittivity
target in high permittivity material (Fig. 3A, 3l). In the true o distribution, the same target appears
as an anomaly having approximately 10 mS/m lower conductivity than in the surrounding material
(Fig. 4A, 41). The resolved €, and o images using the different acquisition strategies are shown in
Figures 3B-3H and 4B-4H, respectively. The number of traces used in the FWI for each case is

indicated in Table 1.

12
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Figure 3: The true subsurface €, model (A) and the resolved g, models obtained from the different

acquisition geometries (B-H). True anomaly magnitude (l) is obtained by subtracting the true

subsurface g, model from the ¢, starting model. The resolved anomaly magnitudes (J-P) are

estimated by subtracting the final €, model from the g, starting model. Transmitter and receiver

positions are indicted with circles and crosses, respectively.
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Figure 4: The true subsurface o model (A) and the resolved o models obtained from the different

acquisition geometries (B-H). True anomaly magnitude (l) is obtained by subtracting the true

13

A. True Model B. Dense C. Sparse 1 D. Sparse 2 E. Sparse 3 F. Sparse 4 G. Sparse 5 H. ZOP

5 == A5 R= R 5 p= 9 5 5 g TG 5 pms 9 5 —§ 5 =

6 {" "o p" e p” g5 gt F|6§' g6 pt J 5 §¥ 6 oY

7 170 B i 7 ‘i|73 o 7 0 iq 7 ad 7 "

i M M it 1 iy | i, ] iy ] |
{—H—B—H—H—B—H—R—
g g i » o

10 10 B I 10 b 10 § 1 103}1’0103_610 [Ra—" L)} [R—

11 & o f1EN 11 B 11 gm 11 B8 31190 911 g 1140 i

12 H12§ . 12 . [T 12 - 120 MR G127 SN q 12 - 12 i

13 QU H 13 [ 13 b R o 13§ 13 0 R ¢ 13 0 L d 13 gy 13

14 1114: .l:14g .Igm .: 14 .Igm1 .: 14 .ﬂ 14 .l
234586 23456 23456 234568 23456 2345686 23458 23456

I. True Anomaly J. Resolved K. Resclved L. Resolved M. Resolved N.Resolved O.Resolved P.Resolved

5 & W5 R 55 F 9 5 5 5 5 f 5 58

6 & 56 b H 6 b I Meo: $60p o 6 6

7k a7k 78 g 7 78 379 q 7 7§

H W W w

8 K 58K R 8B 9 8 KN 98P 98 8 §

9k X9 K Hokb 99 {95 9 9rp 99 9 i

10 | q10 R 10 P 910 108 910 ¢ 410 10

e o 511k 1B g 11 118 G119 q 11 11§

12§ R12 R R12p é12 128 g129 912 12 §

13 | 313 & -RER3 13§ BEN g13p 413 13

14§ RLY: H14p g 14 § §14 ¢ 14 p 14 14 §
2345686 23456 23456 234568 23456 23456 23456 23456
Distance (m)  Distance (m)  Distance (m)  Distance (m)  Distance (m)  Distance (m)  Distance (m)  Distance (m)

o (mS/m)

As (mS/m)



323

324

325
326
327
328
329
330
331
332
333
334
335

336

337

338

339

340
341
342
343
344

subsurface o model from the o starting model. The resolved anomaly magnitudes (J-P) are

estimated by subtracting the final o model from the o starting model.

The resolved permittivity distributions show that all sparse setups using MOG data acquisition
perform well in resolving the location and the shape of the gas bubble (Figs. 3C-3G, 3J-20).
However, Sparse Geometry 4 with 1 m transmitter and 1 m receiver spacing has some difficulties
resolving the background distribution suggesting that the dataset is reduced too much (Fig. 3F).
The models obtained from Sparse Geometries 1-5 have slightly higher permittivity directly above
and below the gas bubble than in the model resolved using the dense reference geometry (Fig. 3B-
3G, 3J-30). The dense reference setup results in a slightly more horizontally elongated bubble than
the sparse geometries. The recovered maximum anomaly magnitude for each acquisition setup is
presented in Table 2. All MOG surveys estimated the magnitude of the permittivity anomaly in a
similar manner. In the very center of the gas bubble, the resolved anomaly magnitude is 53-60% of
the true magnitude (Figs. 31-30). The maximum value represents one cell in the bubble area and

illustrates the brightness of the bubble.

7¢,(-) ??0(mS/m) 77¢,(%) 7?70 (%)
True anomaly 13.00 10.29 100 100
Dense 7.27 3.26 56 35
Sparse 1 7.25 4.3 56 42
Sparse 2 7.44 4.6 57 45
Sparse 3 7.48 4.15 58 40
Sparse 4 7.80 2.97 60 29
Sparse 5 6.91 3.22 53 31
ZOP 3.27 1.05 25 10

Table 2: Maximum values of true and resolved €, and o0 anomaly magnitudes estimated for each

acquisition setup. See section 3.1 and Figures 3 and 4 for details.

The permittivity model obtained from ZOP data differs significantly from the results discussed
above (Fig. 3H, 3P). The gas bubble appears as a low-permittivity layer in the correct depth
interval. The magnitude of the resolved anomaly is 25% of the true anomaly, and the obtained
subsurface g, background model is smoother than those obtained using MOG acquisition (see

Table 2).
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Figures 4B-4G show o models obtained using the dense MOG data and the different sparse MOG
data subsets. The influence of reducing traces on the obtained o images is clearer than for the g,
images. For the first three sparse setups presented in Figures 4C-E and 4K-4M, the shape, location
and magnitude of the gas bubble is resolved in a similar manner as when using the dense
acquisition geometry (Fig. 4B, 4J). When the number of traces is reduced further, the gas bubble is
slightly more difficult to outline from the background distribution (Fig. 4F-4G). Differences in the
performance of the selected acquisition strategy are also seen on the magnitudes of the resolved
anomalies. The dense reference setup results in a slightly smoother model than the first three
sparse geometries. While the maximum recovered anomaly magnitude is 35% for the dense
geometry, the Sparse Geometries 1-3 resolve 40-45% of the true magnitude (Fig. 4J-4M, Table 2).
Sparse Geometries 4-5 result in a weaker anomaly than the dense reference geometry and only
resolve approximately 30% of the true anomaly magnitude (Fig. 4J, 4N-30, Table 2). In contrast to
the €, model obtained from ZOP data, the corresponding o model does not show the depth of the
gas bubble. Essentially no change in the subsurface conductivity is seen induced by the gas bubble

(Fig. 4H, 4P).

Sparse Geometry 2 with 1 m transmitter spacing and 25 cm receiver spacing results in the best g,
and o final models (Fig. 3D, 3L, 4D, 4L). Moreover, the estimated time for acquiring this dataset is
significantly shorter compared to choosing, e.g., Sparse Geometry 1 (see Table 1). The final g,
model obtained from Sparse Geometry 3 is also relatively well-resolved and the final o is only
slightly less well-constrained as compared to the most optimal Sparse Geometry 2(Fig. 3E, 3M, 4D-
4E, 4L-4M). The dataset collected using the survey geometry of Sparse 3 may also be slightly faster
to collect. The delay time during recording traces between subsequent receiver positions depends
on the field conditions, for example the antenna cables may tangle easier or be more challenging
to place in at the accurate vertical depth location if the receiver is moved in big steps rather than

in small steps necessitating more than 3 seconds between subsequent traces.

3.2. Comparison of noise-free and noisy data

The acquisition geometry test presented in chapter 3.1 is conducted using noise-free data. In
order to investigate the impact of noise on the final FWI results, we test three different scenarios.

The three tests only differ in the level of random noise (see Figure 2).
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The noise tests are initially carried out with the dense acquisition setup. Final €, models obtained
from the noisy datasets (Fig. 5C-5E) show characteristics similar to the models obtained from
noise-free data which is included in Fig. 5B to facilitate comparison. The depth of the gas bubble is
well captured, but the shape of the bubble changes slightly when noise is introduced. In the low-
noise scenario the change is not easily recognized. As the noise increases, the bubble becomes
more horizontally elongated than in the noise-free scenario (Fig. 5B-5E). Also, the magnitude of
the resolved g, anomaly is affected by the noise: The amplitude of the recovered anomaly
decreases with increasing noise, and the strong negative areas directly above and below the

bubble become weaker as the noise level increases (Fig. 5G-5J), see Table 3.

A. True B. Dense C. Dense D. Dense E. Dense F. Sparse 2 G. Sparse 5
Model Noise-free Std=0.5110%  Std=1.02*10° Std=1.53*10® 40
I
> ‘ 35
E —~
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Figure 5: Panel A shows the true subsurface &, distribution and H shows the true anomaly
magnitude. Final €, models obtained from noise-free data (B) and noisy data (C-G) are similar to
one another. The gas bubble becomes slightly more horizontally elongated as the noise level
increases (B-E). Also, the magnitude of the resolved bubble becomes weaker with increasing noise
(I-L). Permittivity models obtained from highly noisy data are not greatly affected by the selected
acquisition geometry (E-G). In all cases with a high noise level, the magnitude of the resolved

anomaly is approximately 50% of the true magnitude.
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7?¢, (-) 7?0 (MmS/m) 7€, (%) 7?20 (%)
True anomaly 13 10.29 100 100
Noise-free (Dense) 7.27 3.62 56 35
Low noise (Dense) 6.74 2.17 52 21
Medium noise 5.55 1.72 43 17
(Dense)
High noise (Dense) 5.56 1.78 43 17
High noise (Sparse 5.60 1.81 43 18
2)
High noise (Sparse 5.42 1.93 42 19
5)

394
395  Table 3: True and resolved maximum anomalies using noisy data.

396  While the €, models do not change drastically from the noise-free results, o results are significantly
397 affected by the noise (Fig. 6). All of the noisy data scenarios show that the gas bubble is quite
398  difficult to outline from the background &, model. Also the amplitude of the resolved anomaly is

399 clearly lower than in the models obtained from noise-free data.
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Figure 6: Panels A and H show the true subsurface o distribution and the true anomaly magnitude,
respectively. The noise-free data results in a clearly better o model than the noisy datasets (B-G).

The influence of the added noise is also seen in the resolved magnitudes (I-N).

Reducing data coverage does not have a notable influence on the final results. For comparison, we
apply Sparse Geometries 2 and 5 on the high-noise data shown in Figure 2C. The €, and o models
show the same characteristics as the models resolved using the dense geometry (Figs. 5E-5G, 6E-
6G, Table 3). Similarly to the observations from different acquisition geometries (Figs. 3-4), the gas
bubble in the €, model becomes laterally more elongated if the dense acquisition geometry is
applied than if either Sparse Geometry 2 or 5 is chosen (Fig. 5E-5G). All tested survey geometries
result in rather poor o models. The location of the gas bubble cannot be clearly observed (Fig. 6E-

6G).

3.3. Increasing bubble size

In the last test, we increase the bubble size and use the high-noise data in FWI. The big gas bubble
is almost three times as big as in the previous experiments. Gas saturation in the big bubble is
again 30% and it produces a low-conductivity and low-permittivity anomaly in the subsurface (Figs.

7A, 7E, 8A, 8E).
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Figure 7: £, models obtained from highly noisy data (B-D) using Dense and Sparse Geometry 2 and

5. Corresponding resolved anomaly magnitudes are shown in F-H.
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Figure 8: 0 models obtained from highly noisy data (B-D) using Dense and Sparse Geometry 2 and

5. Corresponding resolved anomaly magnitudes are shown in F-H.

Dense and Sparse Geometry 2 result in better subsurface models than Sparse Geometry 5 (B-D).
The resolved anomaly magnitude using the dense and the Sparse Geometry 2 is almost 40% of the
true anomaly magnitude (F-G) while the Sparse Geometry 5 poorly recovers the location and the
magnitude of the anomaly. The resolved €, models show small differences in the shape of the big
gas bubble (Fig. 7B-7D). In all tested survey geometries the magnitude of the anomaly is 54-58 %
of the true anomaly magnitude (Fig. 7E-7H). The areas showing high permittivity directly above
and below the bubble become clearer as data coverage is reduced (Fig. 7B-7D). Increasing the size
of the gas bubble improves the subsurface o models. The dense reference geometry and the
Sparse Geometry 2 now result in a clearly visible bubble (Fig. 8B-8C). The location of the injected
gas is well resolved and the anomaly magnitude is 38-39% of the true subsurface anomaly (Fig. 8E-

8G). As the data coverage is reduced further, the gas bubble again becomes difficult to outline
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from the background (Figs. 8D, 8H, Table 4). Overall, the observations from increasing the bubble

size are consistent with the results obtained from noise-free data (see section 3.1).

7€, (-) 720 (mS/m) 27¢. (%) 7?0 (%)
True anomaly 13 11.86 100 100
Dense 7.57 4.65 58 39
Sparse 2 7.58 4.47 58 38
Sparse 5 7.02 2.94 54 25

Table 4: True and resolved anomaly magnitudes using a big gas bubble and noisy data. See section

3.3 for details.

3.4. Additional tests

In addition to the tests presented in 3.1-3.3, we investigate how the dense and the sparse
geometry 2 resolve the subsurface models if the small gas bubble with 30% gas saturation is
located in a low-permittivity zone at approximately 12 m depth. The collected crosshole GPR data
in this test is noise free. In this new geological setting, the anomaly caused by the gas bubble in
the €, models is 10 units lower than the surrounding media and is therefore regarded as a
moderate anomaly. In the 0 model the anomaly is approximately 14 units lower than the
surrounding media and causes a strong local anomaly. The obtained results are consistent with the
acquisition geometry tests shown in section 3.1 and do not therefore appear to depend on the

location of the bubble, and the results are therefore not included here.

As the resolved anomaly is more difficult to outline from the o models than from the € models, we
also test if a homogeneous conductivity starting model (g = 17 mS/m) results in more appropriate
o models than the true background o distribution. The conductivity starting model test is carried
out with the two different geological settings where the small gas bubble with 30% gas saturation
is either located in a high permittivity zone or in the low permittivity zone. The measured data is
again noise-free and we apply the dense reference acquisition geometry and the sparse geometry
2. The homogeneous o starting model results in slightly better o models than the true background
o distribution, as the resolved anomaly induced by the gas bubble is easier to delineate and has
stronger amplitude. However, resulting €, models become less optimal for both acquisition
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463  geometries. The resolved anomaly in the €, model has lower amplitude and a smaller size than in

464  the results obtained using the true background o distribution.
465
466 4. Discussion

467  FWI has proven to be a strong tool for resolving fine-grained permittivity structure and strong
468  contrasts in important chalk reservoir rock types, which in turn may be used to estimate porosity
469  fluctuations comparable to what can obtained from rock sample measurements (Keskinen et al.,
470  2017). The porosity models estimated using FWI indicate low-porosity (high permittivity) areas as
471 well as high-porosity (low permittivity) zones (Keskinen et al., 2017), which most likely play an
472  important role for determining fluid/gas flow pathways. However, the porosity model alone does
473  not reflect all reservoir properties as the pores may, for example, be isolated and do not

474  necessarily contribute significantly to flow through the rock. Therefore, fluid or gas flow

475  experiments are needed for a more complete description of the flow properties of the rock, and
476  behaviour of e.g., CO, gas may be particularly important to study with time-lapse GPR experiments
477  (e.g., Yuan et al., in press). Efficient and fast sampling of cross-hole GPR data is essential since the
478  gas may dissolve or escape quickly, depending on the bulk permeability and the existence of

479  fractures and faults (e.g., Lassen et al., 2015).

480 In this study, we have performed synthetic tests linked to resolving an injected gas bubble using
481  different crosshole GPR transmitter-receiver geometries, which take from several hours (or more
482  than a day) to a few hours to collect, depending on the GPR equipment available. Moreover, we
483  have made the experiments for a realistic, highly heterogeneous chalk succession, which serves as
484  abackground model of our experiments. We consider the choice of background model essential
485  for any such synthetic resolution test, because the permittivity (i.e. velocity) distribution of this
486  model is highly determining for the travel paths of the wave field in the subsurface. The dense
487  reference geometry samples the gas bubble much more densely in the horizontal than in the

488  vertical direction (Fig. 1A). Therefore, the dense geometry leads to a slightly more elongated gas
489  bubble than the sparser geometries tested here, as the relatively many travel paths in the

490  horizontal or sub-horizontal direction tend to smear the anomaly. Not surprisingly, as the data
491  coverage is reduced, lateral smearing is less visible but at the same time leads to a stronger

492  overshooting in the anomaly estimation directly above and below the resolved gas bubble than if
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the dense survey geometry is used (Figs. 3B-3E, 3J-3M, 4B-4E, 4J-4M). These models are all
considered acceptable for a time-lapse experiment as the location of the gas bubble and the
background models are well resolved. However, if the data coverage is reduced further (Sparse
Geometry 4 and 5), the background € model is poorly resolved and the gas bubble can hardly be
outlined in the o model (Figs. 3F, 4F). While the MOG geometries are capable of sampling the gas
bubble both horizontally and vertically, ZOP geometry can only sample it horizontally, depending
on the exact permittivity (velocity) structure. In this case, the bubble appears as a layer in the ¢,
model and only indicates the depth interval of the injected gas (Fig. 3H, 3P). Following a simple
ZOP strategy is fast and may thus be sufficient if only mapping of the upper and lower layer

boundaries of where gas occurs is the target of the cross-hole investigation.

The noise test conducted with the dense reference geometry indicates that lateral smearing
increases with increasing random noise and over-estimation of the dielectric permittivity directly
above and below the gas bubble decreases. Also the magnitude of the resolved anomaly
decreases with increasing noise (Figs. 5B-5E, 51-5L). Thus, the noisy data is less well fitted by the
FWI algorithm than the noise-free data, and the resulting subsurface models have a smoother
appearance. Similar to the noise-free scenarios, reducing the data coverage in the case where
noise is present reduces the lateral smearing effect and local overestimation of the dielectric
permittivity again becomes stronger than for the reference geometry (Figs. 5F-5G, 5M-5N). In
general, the estimation of the conductivity structure is more affected by the presence of random

noise than the estimation of the permittivity structure.

Different effects of uncorrelated, random noise as well as correlated data errors have been
investigated in previous studies (e.g., Cordua et al., 2008). Moreover, the dominant noise in GPR
cross-hole data sets may not be uncorrelated. Correlated data errors caused by e.g. misplacement
of the antennae or unknown borehole irregularities may have a larger effect than typical
uncorrelated, random noise (Cordua et al., 2008), and such error types cannot be effectively
suppressed simply by changing source-receiver geometries and the data density. However,
detailed studies of the influence of noise are not the main focus points of this study. Instead, we
refer the reader to other studies (e.g., Cordua et al., 2008) based on which the influence of

different expected noise types can be assessed.
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Conductivity models resolved using the noisy datasets are not very useful regardless of the chosen
survey geometry. The small gas bubble is clearly below the resolution of the obtained o models in
all cases (see Fig. 6). When the size of the gas bubble is increased significantly, the Sparse
Geometry 2 results in acceptable €, and o models. Reducing the data coverage further again
results in a rather poor o model (Figs. 7-10). Conductivity models seem to have significantly higher
sensitivity to the noise and to the data coverage than permittivity models. These observations are
consistent with the results by e.g., Oberréhrmann et al. (2013) who found that o models have a
lower resolution than g, models. Permittivity of a medium is mainly affected by the shape of the
measured data, while the electrical conductivity is strongly influenced by the amplitude. Small
changes at the amplitude of the data such as caused by noise interference can therefore have a
significant effect on the FWI conductivity results. Better resolved conductivity and permittivity
models can be obtained by increasing the bubble size (see Tables 3 and 4). Also, a resolved
conductivity change closer to the true anomaly is obtained when using a homogeneous
conductivity starting model in the FWI. However, this is at the expense of the resolved permittivity

magnitude and structure.

Evidently, we have only considered the (simple) two-dimensional (2D) case in our synthetic tests
of gas bubble simulation. Clearly, 3D effects (out of plane) will occur under real conditions,
although the chalk deposits are expected to be fairly uniformly layered over relatively short
intervals as studied here (e.g., Surlyk et al., 2006; Keskinen, 2017). In particular, unknown, possible

small fractures may add to 3D effects under real conditions.

Overall, our findings seem to be consistent with the survey design studies performed by Maurer et
al. 2010, which included cross-hole seismic tomographic elements, although our study is based on
GPR and linked to a specific field site where the sub-surface consists of a heterogeneous chalk-rich

rock.
5. Conclusions

In this study, we conducted a synthetic test in order to optimize the information content of a time-
lapse crosshole GPR data survey while minimizing the number of data to be collected and thereby
reducing acquisition time. The synthetic test was based on a published field data study in chalk

and therefore includes a strongly heterogeneous, realistic dielectric permittivity distribution.
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Seven different survey geometries were tested with varying amounts of collected traces (from

6240 to 78) and, therefore, also strongly varying acquisition times (from ~512 min to ~14 min).

For the noise-free test, the amount of traces required to resolve a gas bubble could be reduced
substantially (from 6270 to 375) with almost no adverse effect on the resulting permittivity
structure, given that a dense background survey was collected before gas injection. As expected,
introducing a high noise level affected the recovery of the permittivity magnitude of the anomaly
using the dense survey geometry (from 56% to 43% of the true anomaly value), but the magnitude
was not markedly deteriorated by reducing the amount of collected traces (a reduction of 1% and
4% for the small and large anomaly test, respectively). The effect of noise on the resulting
electrical conductivity distribution was, on the other hand, significantly stronger for the large
anomaly test (a reduction of the anomaly value from 39% to 25% of the true anomaly value).
Similar to previously published work, we found the conductivity distribution to be more

challenging to resolve than the permittivity distribution.

The results presented in this paper may serve as a catalogue of survey geometries to choose from,
depending on the resolution needed and practical possibilities related to data acquisition speed
and recording systems available for crosshole GPR experiments. In this context, the expected level
of uncorrelated, random noise as well as possible sources of correlated data errors should be

taken into account.

We find it particularly interesting that even rather sparse geometries, which can be recorded
during little over an hour, can in fact pinpoint the position of a relatively small gas bubble with an
acceptable degree of resolution, thereby, making cross-hole GPR data a feasible method to
visualize tracer movement during time-lapse experiments. Special care needs to taken if a tracer is
chosen that mainly influences the electrical conductivity results (e.g., salt tracer). In such a case

the acquisition geometry needs to be adapted to still retrieve quantitative results.
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List of Tables

Table 1: Survey geometries shown together with the estimated data acquisition times for an
individual transmitter gather (MOG and ZOP strategies) as well as for half a dataset, respectively.

Number of recorded traces differs from the number of traces used in the FWI.

Table 2: Maximum values of true and resolved €, and o anomaly magnitudes estimated for each

acquisition setup. See section 3.1 and Figures 3 and 4 for details.
Table 3: True and resolved maximum anomalies using noisy data.

Table 4: True and resolved anomaly magnitudes using a big gas bubble and noisy data. See section

3.3 for details.
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List of Figure captions

Figure 1: Data coverage for the first half of each dataset transmitter positions are indicated with
red circles and receiver positions with blue dots. Table 1 shows the data acquisition parameters

for each of the survey geometry.

Figure 2: (A) Low, (B) intermediate, and (C) high noise added on the synthetic data (red). The noise
is random Gaussian noise with a standard deviation std of, 0.51-10¢, 1.02-10¢, and 1.53-10°¢,

respectively. The black trace represents the noise free trace.

Figure 3: The true subsurface €, model (A) and the resolved &, models obtained from the different
acquisition geometries (B-H). True anomaly magnitude (l) is obtained by subtracting the true
subsurface g, model from the g, starting model. The resolved anomaly magnitudes (J-P) are
estimated by subtracting the final €, model from the g, starting model. Transmitter and receiver

positions are indicted with circles and crosses, respectively.

Figure 4: The true subsurface o0 model (A) and the resolved o models obtained from the different
acquisition geometries (B-H). True anomaly magnitude (l) is obtained by subtracting the true
subsurface o model from the o starting model. The resolved anomaly magnitudes (J-P) are

estimated by subtracting the final 0 model from the o starting model.

Figure 5: Panel A shows the true subsurface ¢, distribution and H shows the true anomaly
magnitude. Final €, models obtained from noise-free data (B) and noisy data (C-G) are similar to
one another. The gas bubble becomes slightly more horizontally elongated as the noise level
increases (B-E). Also, the magnitude of the resolved bubble becomes weaker with increasing noise
(I-L). Permittivity models obtained from highly noisy data are not greatly affected by the selected
acquisition geometry (E-G). In all cases with a high noise level, the magnitude of the resolved

anomaly is approximately 50% of the true magnitude.

Figure 6: Panels A and H show the true subsurface o distribution and the true anomaly magnitude,
respectively. The noise-free data results in a clearly better c model than the noisy datasets (B-G).

The influence of the added noise is also seen in the resolved magnitudes (I-N).

Figure 7: £, models obtained from highly noisy data (B-D) using Dense and Sparse Geometry 2 and

5. Corresponding resolved anomaly magnitudes are shown in F-H.
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712  Figure 8: 0 models obtained from highly noisy data (B-D) using Dense and Sparse Geometry 2 and

713 5. Corresponding resolved anomaly magnitudes are shown in F-H.
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