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ABSTRACT

In contrast to deterministic inversion, probabilistic Bayesian inversion provides an ensemble
of solutions that can be used to quantify model uncertainty. In this work, we present a
probabilistic inversion approach that uses crosshole first-arrival traveltimes to estimate an
underlying geostatistical model, the subsurface structure and the standard deviation of the
data error simultaneously. The subsurface is assumed to be represented by a multi-Gaussian
field, which allows us to reduce the dimensionality of the problem significantly. Compared to
previous applications in hydrogeology, novelties of this study include an improvement of the
dimensionality reduction algorithm to avoid streaking artifacts, it is the first application
to geophysics and the first application to field data. The results of a synthetic example
show that the model domain enclosed by one borehole pair is generally too small to provide

reliable estimates of geostatistical variables. A real-data example based on two borehole



pairs confirms these findings and demonstrates that the inversion procedure also works

under realistic conditions with, for example, unknown measurement errors.



INTRODUCTION

Crosshole tomography of ground-penetrating radar (GPR) data is often deterministic using,
for example, the first-arrivals only (e.g., Hubbard et al., 2001) or the full wavefield (e.g.,
Ernst et al., 2007; Klotzsche et al., 2013). Similar algorithms are available for seismic
crosshole tomography (e.g., Bregman et al., 1989; Thompson Reiter and Rodi, 1996; Zhou
et al., 2008). Deterministic inversion algorithms have the advantage that they find an
optimal solution after a few to some dozens of iterations and are, therefore, comparatively
fast. A drawback of these algorithms is that they only find one solution. This solution is
strongly dependent on the regularization operator used and standard uncertainty estimates
based on this solution are only valid for a linearized theory. In contrast, probabilistic
inversion algorithms using global sampling methods require many more steps, but provide
a set of solutions, drawn from the so-called posterior distribution. Probabilistic inversion
algorithms require as input a prior distribution that encompasses the prior probability of

all parameter combinations from which possible solutions can be drawn.

Different probabilistic inversion algorithms have been proposed. Below we discuss a few
representative examples in the context of geostatistical prior models and crosshole ground-
penetrating radar (GPR). The linear stochastic approach to geophysical inverse problems
was first proposed by Asli et al. (2000) and then applied to stochastic GPR tomography
by Gloaguen et al. (2005). Hansen et al. (2006) used linear theory and an assumed un-
derlying geostatistical model. Cordua et al. (2012) used a training image representing the
expected geological structure to find the posterior distribution of relative permittivity (also
referred to as dielectric constant). A hybrid approach of deterministic and probabilistic

inversion (Johnson et al., 2007, 2012) aims at finding a subsurface model explaining the



data while honoring spatial statistics given by a variogram. Linde and Vrugt (2013) pro-
posed a probabilistic inversion algorithm using a discrete cosine transform to reduce the
dimensionality of the inverse problem. Stochastic inversion algorithms can also be used to
integrate different types of data. For example, simulated annealing was used to integrate
inverted GPR crosshole traveltimes, borehole-logs and a geostatistical model (Tronicke and
Holliger, 2005; Dafflon et al., 2009a,b). Stochastic data integration using Bayes rule was also
done by Dubreuil-Boisclair et al. (2011). A 3D timelapse study for mapping a water plume
was published by Laloy et al. (2012). Hansen et al. (2013a,b) presented and demonstrated
an algorithm that is able to estimate the geostatistical model along with the subsurface
structure. A common issue in probabilistic inversion is how to choose an appropriate prior
distribution. To address this, Hansen et al. (2008) proposed a mechanism, which was also
used by Looms et al. (2010), to determine how consistent the prior distribution is with

respect to the posterior distribution.

In this study, we rely on a probabilistic inversion approach that uses Markov chain
Monte Carlo (MCMC) to infer an underlying geostatistical model along with the subsurface
structure that is represented as a multi-Gaussian field and the standard deviation of the
data error of crosshole GPR first-arrival traveltime data. We build on the work by Laloy
et al. (2015) that combined efficient geostatistical resimulation by circulant embedding and
dimensionality reduction to infer hydraulic conductivity fields from synthethic tracer test
data. Four novelties are introduced with respect to Laloy et al. (2015): (1) we consider
geophysical data; (2) the method is applied for the first time to field data; (3) methodological
adaptations are made to avoid streaking artifacts without significant extensions of the model
domain; (4) a simple approach to account for model errors is introduced to avoid over-fitting

and inversion artifacts when considering field data.



METHOD

Our inversion procedure builds on the method by Laloy et al. (2015), which combines a geo-
statistical model parameterization with model reduction using circulant embedding and the
DREAM|zg) algorithm (Laloy and Vrugt, 2012; ter Braak and Vrugt, 2008). DREAMzg
is a Markov chain Monte Carlo (MCMC) type algorithm that makes use of differential evo-
lution updating from an archive of past states for faster convergence. In recent years, this
method and related variants have been used widely for moderately (100s of parameters)
high-dimensional geophysical inverse problems (e.g., Linde and Vrugt, 2013; Lochbiihler
et al., 2014; Rosas-Carbajal et al., 2013, 2015). A more complete list of applications is

provided by Vrugt (2016).

Despite the efficiency of this MCMC algorithm, estimating the posterior distribution of
the relative permittivity for each individual pixel (5000 in our synthetic examples) would
take an unfeasibly long time with currently available hardware and software. To reduce
the parameter dimensionality, we assume herein that the relative permittivity field can be
described as a multi-Gaussian field. This assumption allows us to compress the image rep-
resenting the medium using a slightly altered version of the circulant-embedding algorithm
described by Laloy et al. (2015). In our case, 5000 unknowns corresponding to pixels with
a size of 0.1 times 0.1 m are reduced to 257 unknowns (250 dimension-reduction variables

and seven variables describing the statistical variability of the subsurface and data errors).

These seven variables are: (1) the standard deviation of the data error, (2) the mean
relative permittivity, (3) the standard deviation of the relative permittivity, (4) the integral
scale along the major axis of anisotropy, (5) the anisotropy angle (rotation anticlockwise

from the vertical axis), (6) the ratio of the integral scale along the minor axis of anisotropy



to the integral scale along the major axis of anisotropy and (7) the shape parameter v in
the Matérn function (Matérn, 1960). This last parameter v determines the shape of the
variogram (e.g., v = 0.5: exponential model, v = 1: Whittle model and v — oo: Gaussian

model).

Likelihood function, model proposal and Metropolis ratio

The inversion uses the following likelihood function to determine how well a model m

explains the measured data d:
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where the operator G creates simulated data based on the model m, N is the number of
datapoints and o, is the standard deviation of the data error. We estimate the latter using
hierarchical Bayes (Malinverno and Briggs, 2004), which implies that it is inferred in the
inversion. Equation 1 is valid for residuals that are independent and identically distributed

following a Gaussian distribution with zero mean (i.e., no bias).

In DREAM|zs), a new model proposal z of length [ is generated from the current model
my_; by differential evolution (Laloy and Vrugt, 2012; Vrugt, 2016) using 0 pairs of model
realizations from the archive X:

z=my_ + (L +e)y(6,0) D (Xnu) _ szm) te, (2)

j=1
with 71 and ro being two different rows of the archive of previous models. The archive
contains models from all chains. The step-length of the update is given by ~. The two
parameters e; and ¢; are drawn from a uniform and a normal distribution with a mean of

zero, respectively. Given that the model proposal in equation 2 is symmetric, the Metropolis



acceptance probability o can be used:

= min L(Z) p(z)
‘T {17 L(my—1) p(my_1) } ' (3)

The prior distribution is given by p and L is the likelihood function as defined in equation
1. If z is accepted, m; = z. Otherwise, the new model remains the same as the previous

model. Thus m; = m;_.

The circulant-embedding algorithm

Circulant embedding allows for an efficient parameter dimension reduction (for details see
Dietrich and Newsam, 1997; Laloy et al., 2015). The first step consists of computing the
covariance matrix S of size (2m —1) x (2n— 1) or larger, where m and n specify the number
of pixels in the two directions of the 2D subsurface model. S is a covariance kernel obtained
from the Matérn function (Matérn, 1960), which describes the geostatistical properties of the
medium using the following five variables: standard deviation of the relative permittivity,
the integral scale, the anisotropy angle, the anisotropy ratio and the shape parameter v in
the Matérn function. If a larger size for S is used, then the following expressions need to
be adapted accordingly. The eigenvalues €2 of the covariance matrix S are obtained via a

Fourier transformation:

real[FFT2(FFTSHIFT{S})]

= @m—1)x@2n—1)

(4)
where FFT2 performs a two-dimensional fast Fourier Transform and FFTSHIFT swaps

opposite quadrants of a matrix.

In addition, a complex Gaussian matrix Z = Zj1 + iZo is constructed, where Z; and
Z5 have a standard Gaussian distribution and 7 = y/—1 is the imaginary unit. We obtain

Z; and Zs by linearly interpolating (in the frequency domain) the vector containing the



aforementioned dimension-reduction variables onto a vector of length (2m — 1) x (2n —
1), followed by a random permutation to avoid short lag autocorrelations. This random
permutation scheme is kept fixed during the inversion. Finally, Z needs to be reshaped to

have the same dimension as the matrix €2.

As a last step, the square root of the eigenvalues 2 are component-wise multiplied (®)

with the complex Gaussian matrix Z and Fourier transformed:
f — FFT2 (\/ﬁ ® z) (5)

The real and the imaginary part of f are two independent zero-mean multi-Gaussian real-
izations of size (2m —1) x (2n—1). To obtain a possible representation of the subsurface, we
extract a matrix of the size m x n from the real part of f and add the mean of the relative

permittivity to f.

The integral scale influences the average size of isolated structures that a multi-Gaussian
model realization consists of. A larger integral scale results in larger patches. The deviation
of these patches from circles is a consequence of geostatistical anisotropy. The minimum
allowable size of the circulant-embedding covariance matrix S is proportional to the size
of the integral scale (Dietrich and Newsam, 1997). If the size of the circulant-embedding
covariance matrix is too small for a certain integral scale, streaking artifacts appear in the
resulting model realization (Figure 1a), which negatively affect the inversion results. Such
streaking artifacts related to similar algorithms have been described by various authors

(e.g., Ripley, 1987; Chiles and Delfiner, 1999).

The origin of the streaking artifacts lies in the computation of the matrix of eigenvalues
Q from the covariance matrix S (equation 4). If the integral scale increases, then the

portion of the covariance matrix with significant values increases as well. When the area of



significant values in the covariance matrix theoretically exceeds the size of the actual matrix
(i.e., we have significant values at the edge of the matrix), artifacts are introduced during the
FFT2, which eventually lead to the streaking in the subsurface model realizations. Dietrich
and Newsam (1997) investigated this effect. They showed for a Gaussian variogram model
that the size of the covariance matrix has to be more than five times larger than the integral
scale. For a Whittle model this factor is even larger, while it is smaller for an exponential

model.

The simplest way of avoiding streaking artifacts (Figure 1a) is to compute the covariance
matrix on a larger domain to prevent truncation of significant values in the covariance
matrix. Unfortunately, a larger covariance matrix S leads to a larger model domain f, from
which we need to extract a model of the desired size. This implies that the same number
of dimension-reduction variables describes a larger model. In other words, the compression
factor increases, potentially removing details of the subsurface model. Therefore, this is not

a desired procedure.

Another option to avoid this streaking is to apply a taper to the covariance matrix before
the Fourier Transform is computed, thereby forcing the values of the covariance matrix to
approach zero towards the edge of the matrix. This taper avoids streaking as is shown in
Figure 1b, but it also alters the resulting property fields (e.g., by decreasing connectivity

between the high permittivity zones).

A third option is introduced and pursued in this paper. In this approach, the covariance
matrix is computed on a larger domain such that the area of large values in the covariance
matrix is completely captured and the eigenvalues €2 (see equation 4) can be reliably com-

puted by FFT2. A larger domain results after the FFT2 in a more densely sampled Fourier



domain. This domain is downsampled before equation 5 is applied, such that the matrix of
eigenvalues has the same number of elements as the desired model domain. Because of this,
the dimension-reduction variables do not need to encode a larger model domain. Thus, the
compression is optimal and no information contained in the covariance matrix is altered or
deleted. This method produces a multi-Gaussian field with improved continuity (Figure 1c)
with respect to the one created with a taper. In this paper, we use a downsampling rate of
4 in the horizontal direction. No covariance matrix extension and downsampling is applied

in the vertical direction, because we consider test cases with strong horizontal anisotropy.

To quantify the effect of the streaking artifacts and to quantify how well the taper
and the domain extension with subsequent downsampling work, we have computed 1000
subsurface multi-Gaussian realizations based on the same geostatistical model (1) without
dimensionality reduction, (2) with dimensionality reduction but without treatment of the
artifacts, (3) with dimensionality reduction and a tapered covariance matrix and (4) with
dimensionality reduction with domain extension and using subsequent downsampling. The
mean variograms of these models and their standard deviation are shown in Figure 2. If the
artifacts are left untreated, the mean variogram of the models with dimensionality reduction
differs at all offsets from the mean variogram of the models created without dimensionality
reduction (Figure 2a). The corresponding relative error of the mean variogram is very large
at small offsets (blue curve in Figure 2d). Tapering the covariance matrix improves the
situation at small offsets, but creates larger differences between the two mean variograms
at larger offsets (Figure 2b and red curve in Figure 2d). Using the method of domain ex-
tension and subsequent downsampling reduces the difference further at all offsets (Figure
2¢ and yellow curve in Figure 2d). Note, that with the domain extension and subsequent

downsampling, the relative error is at all offsets below the relative error of the untreated
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model realizations. Nevertheless, relative errors persist as a consequence of the dimension-
ality reduction (250 dimension-reduction variables and 6 additional variables to describe

5000 unknown pixel values).

SYNTHETIC EXAMPLE

For our initial synthetic example, we consider a “true” relative permittivity model (Figure
3) which is 10 m deep and 5 m wide. Two vertical boreholes are located 0.25 m from
the vertical edges of the model domain, which implies a borehole separation of 4.5 m. 33
receivers are located in the left borehole between a depth of 0.25 m and 9.85 m at intervals
of 0.3 m. The same number of sources is located at the same depth levels in the right
borehole. For each shot position, receivers higher or lower than 50° from the horizontal are
not considered as high-angle raypaths are often problematic in field data (Peterson, 2001).
The 879 first-arrival traveltimes for the remaining source-receiver pairs are computed using
the finite-difference code by Podvin and Lecomte (1991). This code, which is also used as a
forward solver in the MCMC inversion, is able to compute the traveltimes in 2D accurately
even if the model features large and arbitrarily shaped velocity contrasts. The obtained data
are contaminated with uncorrelated Gaussian distributed noise with a standard deviation

of 0.5 ns.

Using more chains in DREAM 7g), compared to the default value of three, allows for a
broader sampling of the solution space during the burn-in phase, in which the algorithm
searches for the global minimum. However, distributing a fixed amount of forward simu-
lations over more chains results evidently in shorter chains, limiting the exploration of the
posterior distribution after the burn-in phase. After trying different options we found that

16 chains and a total of 2 million samples (125’000 samples per chain) was a good choice for
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the given dataset. For efficiency, DREAMzg) works in parallel with as many processors as
parallel chains. The prior distribution for the dimension reduction variables is a standard
Gaussian distribution, while the prior distribution for the seven auxiliary variables is a uni-
form or a log-uniform distribution. Table 1 lists the inversion variables with their ranges,

the values used to generate the “true” model, the prior distribution types and units.

To determine the end of the burn-in phase, we visually inspect the development of the
weighted root mean square error for each chain (Figure 4a). When the weighted root mean
square error starts to oscillate around 1, the burn-in phase is completed. This implies that
the algorithm starts to explore and sample proportionally to the posterior distribution. In
our case, the burn-in phase is completed after approximately 3 x 10* steps corresponding to
24% of the chain length. To ensure that the burn-in phase is not considered when estimating
the posterior distribution, we use the last 75% samples of the chains and consider the first
25% of the samples of the chains as the burn-in phase. The acceptance rate is approximately

30% when the algorithm is exploring the posterior distribution.

To judge if convergence has also been reached formally (i.e., the posterior distribution
is sufficiently sampled), we compute the potential scale reduction factor R (Gelman and
Rubin, 1992) for the last 75% of the samples of each chain (i.e., the part of the chain after
the burn-in phase). This factor compares the variance within a chain to the variance of all
chains together. Formal convergence is commonly considered to be achieved when R<12

for each parameter. This criterion is fulfilled in this example.

Figures 4b to 4h depict the prior distributions of the seven variables describing the
data error and the geostatistical variability of the model (dashed black line), the posterior

distributions (blue bars) and the values chosen to generate the subsurface structure in
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Figure 3 (vertical red line). As generating a subsurface structure is a statistical process and
the resulting subsurface realizations have finite sizes, differences between the properties of
specific geostatistical realizations and the underlying geostatistical model can arise (ergodic
variations). This implies that the value indicated by the vertical red line is not necessarily
the most appropriate value for this specific test model, but it is the true value describing the
underlying geostatistical model (it is sampled on average if generating a sufficient number
of finite model realizations). The most appropriate geostatistical parameters of our true
subsurface model is nevertheless expected to be close to the value indicated by the vertical

red line.

The inferred posterior distribution of the standard deviation of the data error is very
narrow (Figure 4b), which suggests that it is well resolved. The peak of the distribution
is located at 0.5 ns, which is the value used to generate the noise-contaminated synthetic
data. The algorithm assumes that the noise is homoscedastic, uncorrelated and Gaussian
distributed. As we generated the noise following these prerequisites, the assumptions are

fulfilled and it is straightforward to estimate this parameter.

The mean of the relative permittivity is also well resolved (Figure 4c). This is not
surprising, as an error in this parameter strongly influences the GPR velocities and, thus, the
first-arrival traveltimes. In other words, small variations in this parameter lead immediately

to large data residuals.

The remaining parameters are generally well retrieved, but with higher uncertainties.
Although we invert for the variance of the relative permittivity, we plot the standard de-
viation (Figure 4d), because it is more straightforward to interpret. The true value is part

of the posterior distribution. However, as the standard deviation is overestimated, the re-
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sulting subsurface model realizations will tend to feature larger variability than in the test
model. The estimate of this parameter would be improved if the true integral scale were
reduced or, conversely, the distance between the boreholes were increased. This has been

confirmed numerically (not shown herein).

For the integral scale (Figure 4e), we find that the peak of the posterior distribution is
close to the true value. For the anisotropy angle (Figure 4f), the peak is just seven degrees
from the true value. The ratio of the integral scale along the minor axis of anisotropy to the
integral scale along the major axis of anisotropy is overestimated (Figure 4g), making the
retrieved subsurface structure more isotropic than it actually is. The shape parameter v is
underestimated, meaning that there is more small-range correlation in the sampled model
realizations than in the “true” model. However, as the smallest source-receiver offset is 4.5
m, information about the variability of the medium at short distances is hardly present in
the data. It is also likely that this under-estimation is due to the choice of the log-uniform

prior that tends to favor smaller parameter values.

For each sampled solution, which is part of the MCMC chain, an image of the subsurface
can be produced. To illustrate the variety of model realizations that the algorithm can visit
during the inversion process, a selection of eight subsurface structures randomly drawn from
the prior distribution is shown in Figure 5. The rather large variability is illustrated by
comparing Figures 5f and 5g. While the former consists of patches of the size of a pixel (0.1
times 0.1 m), the latter features very large patches covering several meters. This illustrates
the prior variability in the integral scale. Comparing Figures 5b and 5h helps visualizing

the prior variability in anisotropy.

Figures 6a to 6d and 6f to 6i show subsurface structures corresponding to eight randomly
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chosen posterior realizations after burn-in. The standard deviation and the mean of 128
posterior realizations that were sampled at regular intervals are shown in Figures 6e and 6j,
respectively. The values of the variables describing the statistical variability corresponding
to these eight model realizations are given in Table 2. Note that the large-scale structure
is similar, but the degree of small-scale variability is highly varying. In other words, all
solutions show the same main features, such as, the two low relative permittivity zones
(blue) at a depth of 2.5 m and a horizontal offset of 3 m and at a depth of 6 m and
a horizontal offset of less than 1 m. Also all solutions show a high relative permittivity
trend ranging from the top left to the lower right. These features are also found in the true
subsurface structure (Figure 3). There are also differences. For example, model realization 8
(Figure 61) features multiple small patches, whereas model realization 1 (Figure 6a) consists
of fewer and larger patches resulting in an overall smoother appearance. Consulting Table
2 reveals that the variable that differs the most significantly between the two solutions is
the shape parameter v. While the variogram of model realization 8 follows approximately

a Whittle model, the one of model realization 1 has more of a Gaussian structure.

As the boreholes are 0.25 m from the edges of the models and the GPR signal samples
only the region between the boreholes, there is no information in the GPR signal about
the medium to the left side of the left borehole and to the right side of the right borehole.
Therefore, the subsurface structure in these areas is only constrained by the geostatistical
model. This results in a larger standard deviation in these regions (Figure 6e). Otherwise,
the standard deviation is relatively low and seems to be uncorrelated with the subsurface
structure. The mean of the 128 selected model realizations (Figure 6j) resembles the true
subsurface (Figure 3), which underlines how well the inversion retrieves the main elements

of the subsurface.
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The inversion results presented so far are based on noise-contaminated data from one
true multi-Gaussian model realization (Figure 3). Creating subsurface realizations is a
stochastic process and the same set of values describing the underlying geostatistical model
can lead to very different model realizations. The ability of the inversion to infer geostatis-
tical properties might depend on the model realization that is treated as the true model. In
other words, the finite size of the subsurface domain implies that the global statistics of the
underlying geostatistical model is not necessarily reproduced at the scale of the borehole
pair. More reliable estimates of these global statistics require, thus, the usage of several
borehole pairs. To investigate the variability caused by this spatial sub-sampling, we con-
sidered MCMC inversions for ten different subsurface model realizations based on the same
underlying geostatistical properties as those given in Table 1. The corresponding simulated
forward responses were contaminated with different noise realizations, but from the same

underlying distribution as before.

To further ensure that the posterior density is well-sampled, the data of each of the
ten models were inverted three times. These three runs were combined into one posterior
distribution, resulting in ten marginal posterior distributions given the ten test models con-
sidered. If the geostatistical inference is independent of the true subsurface model (e.g.,
the geostatistical realization in Figure 3 that is treated as the true model), all ten distri-
butions would be similar. Figure 7 shows the ten posterior distributions of the statistical

parameters.

In terms of the standard deviation of the data error (Figure 7a), as well as for the mean
of the relative permittivity (Figure 7b), the inferred values for all the ten runs correspond
relatively well with the true values. This implies, that these variables can be resolved

independently of the subsurface structure. For the other five variables, the spread is consid-
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erably larger, but the values used to generate the true subsurface model realizations are for
all runs part of the posterior distribution. The spread of the posterior distributions of some
of the statistical variables shows that the resolvability of a statistical variable is affected by
the actual subsurface structure. For example, depending on the subsurface structure, the
integral scale (Figure 7d) can be overestimated (solid red and dashed green distribution),
more or less correctly estimated (solid blue or dashed red distribution) or underestimated

(black, cyan, solid green and dashed blue distributions).

Averaging all ten distributions results in a posterior distribution that is visualized in
Figure 7 with a thick solid black line. Except for the standard deviation of the relative
permittivity and the integral scale, this distribution peaks very closely to the true geo-
statistical parameters. This suggests that the inversion method provides consistent and
unbiased results. This procedure of randomizing the true model is not commonly done
in geophysical MCMC applications, but it is strongly recommended when the necessary

computing resources are available as it allows for more robust conclusions.

REAL-DATA EXAMPLE

We now consider field data from the South Oyster Bacterial Transport Study Site near
Opyster, Virginia, USA (Hubbard et al., 2001; Scheibe et al., 2011). This site hosts an un-
contaminated sandy Pleistocene aquifer, which was studied intensively using various sub-
surface characterization methods to evaluate the relative importance of hydrogeological and
chemical heterogeneities in controlling bacterial transport at the field scale (DeFlaun et al.,
1997). Understanding bacterial transport is important for bioremediation, which is a tech-
nology to degrade organic wastes or immobilize inorganic contaminants in the subsurface

using microorganisms. We chose this site for testing our algorithm with real data, because
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it provides one of the most convincing examples to date of how geophysics may lead to
improved predictions of contaminant transport (Scheibe and Chien, 2003). This site dis-
plays an unusually high correlation between radar velocity and the logarithm of hydraulic
conductivity. In a joint inversion that considered a geostatistical regularization inferred
from borehole logs, Linde et al. (2008) found a correlation coefficient as high as 0.78. Fur-
thermore, this study was used in a previous and related MCMC inversion study by Linde
and Vrugt (2013). Finally, flowmeter borehole logs and previous geophysical tomographic
studies (Hubbard et al., 2001) have been used to propose a multi-Gaussian geostatistical

model of subsurface heterogeneity.

The setup considered first consists of two boreholes (M3 and S14) separated by 7 m.
The 57 source locations and the 57 receiver locations are vertically separated by 12.5 cm
and distributed over a depth range of 7 m. The boreholes, whose positions are known in
3D, have been projected in a 2D-plane. From the 57 x 57 = 3249 source-receiver traveltime
pairs only one datum was missing. As in the synthetic example, we sample the solution
space using 16 chains. Each chain consists of 1 million samples which is eight times more

than for the synthetic example.

The first trials of our method with this dataset resulted in geologically unrealistic struc-
tures and, for this type of dataset, an unrealistically low data error estimate (0.25 ns). To
avoid this overfitting of the data, we had to account for modeling errors, as for example
wrong antenna positions. We assumed these modeling errors to be uncorrelated and Gaus-
sian distributed with a standard deviation of 0.1 ns. We subtracted accordingly at each
datapoint a randomly generated estimate of the modeling error in the forward step of our
algorithm. Owur high-dimensional estimate of the modeling error is updated by a model

proposal procedure that uses a 10° gradual deformation (Hu, 2000) of the modeling error
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estimate in the previous step. This approach of accounting for modeling errors falls within
the classical framework of Kennedy and O’Hagan (2001), even if they considered lower-order
descriptions of model errors (i.e., using less parameters to describe model errors) based on a
Gaussian process model. It is well-recognized that ignoring model errors (e.g., by assuming
that the Eikonal solver provides a perfect representation of the underlying physics) leads
to MCMC results in which larger data sets only serve to be increasingly certain about the
wrong model (e.g., Brynjarsdéttir and O’Hagan, 2014). We find that adding this very sim-
plistic model error description avoids some of the issues we experience with overfitting, but
we are well aware that it is simplistic and that developing a more suitable parameterization

of model errors is an important area of future research (e.g., Hansen et al., 2014).

Using the same parameter values in DREAM zg) as for the synthetic example, all the
Markov chains converge to essentially the same model and show very low variability within
each chain. To avoid this collapse of the estimated posterior distribution, we require the
differential evolution update to use three pairs from the archive instead of one (§ = 3 in
equation 2) and we no longer allow for a jump rate v of one (Laloy and Vrugt, 2012). This
avoids direct jumps from one model realization to another already visited model realization.
To further increase the diversity of model updates, we additionally allow Snooker updates

with a probability of 10% (ter Braak and Vrugt, 2008).

Furthermore, the following changes compared to the synthetic example were introduced:
The prior distribution of the integral scale along the major axis of anisotropy was changed
from uniform to log-uniform to favor small values and the prior distribution of the standard
deviation of the data error was changed from log-uniform to uniform to counteract an
underestimation. Compared to the synthetic example we invert for the standard deviation

of the relative permittivity and not the variance, because the former is more straightforward

19



to interpret. As Hubbard et al. (2001) found that the ratio of the integral scale along the
minor axis of anisotropy to the integral scale along the major axis of anisotropy is 0.2, we
restrict this parameter to vary between 0.1 and 0.3 to enforce a similar layering. To avoid
fractal-like subsurface realizations with small scale variations, we change the lower bound
of the shape parameter v from 0.1 to 0.5. The MCMC settings are summarized in Table 3.

Values different from the synthetic example are marked with an asterisk (*).

Figure 8a shows the weighted RMSE misfit. The spikes in the weighted RMSE misfit,
which were absent in the synthetic example, are caused by the Snooker update. Using the
weighted RMSE misfit, we determined the burn-in phase to be completed after 30% of the
chain length. Although the weighted RMSE misfit is decreasing slightly afterwards, we
consider the burn-in to be completed after 30% as the remaining decrease is very subtle.
The potential scale reduction factor Ris computed accordingly for the last 70% of the chain.
As mentioned in the synthetic example, convergence is formally confirmed if R < 1.2 for all
parameters. This is fulfilled for 209 of 257 parameters. The remaining 48 parameters (all of
them dimension reduction variables) feature an R between 1.2 and 1.4. Thus, the retrieved

posterior distribution for these parameters might be slightly deteriorated.

A major difference with respect to the synthetic example is the acceptance rate, which
is after burn-in on average only 0.2%. This low acceptance rate is caused by the way we

account for modeling errors to avoid overfitting.

The posterior distribution for the seven statistical variables describing the subsurface are
plotted in Figures 8b to 8h. Of the two parameters that feature a very narrow distribution
(relative permittivity and standard deviation of the permittivity) a zoom is plotted as well.

The standard deviation of the data error is estimated to be approximately 0.34 ns (Figure
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8b). This is lower than the value used by Linde and Vrugt (2013) for the same dataset.

The posterior distribution of the mean and the standard deviation of the relative per-
mittivity feature a clear peak (Figures 8c and 8d). The distribution of the integral scale
along the major axis of anisotropy (Figure 8e) is broader than the preceding distributions.
The most likely value is estimated to be approximately 1.9 m. This is reasonably close to
the estimate of Hubbard et al. (2001), which found a value of approximately 1.5 m. Note,
that they included data from all the boreholes at the site in their analysis, while we are
only using one borehole pair. As we expect a horizontally layered medium, the anisotropy

angle is supposed to be approximately 90°, which is what we retrieve (Figure 8f).

Our algorithm finds a value of around 0.27 for the ratio of the integral scale along the
minor axis of anisotropy to the integral scale along the major axis of anisotropy (Figure
8g). Hubbard et al. (2001) found with a value of 0.2 a slightly stronger anisotropy. As the
distribution is not squeezed towards the upper limit of the prior range, we can assume that
the algorithm was not hindered by the limited prior range and that the result would be
similar for a wider prior range. The estimate of the shape parameter v (Figure 8h) suggests
a Gaussian-like model. Note, that we have excluded band-limited fractal models by setting

the lower bound of the prior range to 0.5.

To illustrate the range of models that the algorithm can choose from during the burn-in
phase, nine randomly selected model realizations are plotted in Figure 9. To facilitate a
comparison with the results presented by Linde and Vrugt (2013), we converted the models
from relative permittivity e, to velocity v = 1/,/€,€opto With 9 and po being the relative
permittivity and magnetic permeability of free space. The tested models can for example

consist of relatively small structures (Figure 9d) as well as larger structures (Figure 9g) or
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feature a roughly horizontal anisotropy (Figure 9b), inclined anisotropy (Figures 9a or 9e)

or almost no anisotropy at all (Figure 9d).

We selected 16 different model realizations from the posterior distribution at regular
intervals (Figures 10a to 10p). Thereby, model 1 represents an earlier sample of the Markov
chains than model 2 and so on. The chain, which provided the model, was selected randomly
for each model. The standard deviation of 128 uniformly sampled posterior realizations is
shown in Figure 10q and the mean model for the same 128 realizations in Figure 10r. Our
subsurface structures agree well with those shown by Linde et al. (2008) and Linde and
Vrugt (2013). However, the subsurface structures retrieved by Linde et al. (2008) and

Linde and Vrugt (2013) feature less details.

Given the synthetic examples suggested that one borehole pair does not include enough
subsurface area to estimate the geostatistical parameters reliably, we also inverted a second
borehole pair of the Oyster site. These data between T1 and S9 are perpendicular to the
previously considered borehole pair (see Plate 5 in Hubbard et al. (2001)). We used the same
input parameters as before. However, from the 16 Markov chains, two got stuck at high
weighted RMS values and they were discarded for the further analysis. Formal convergence

for the remaining 14 chains was achieved as R < 1.2 for all parameters.

The weighted RMSE misfit of the inversion of this second borehole pair stabilized a bit
below 1.5, which is a higher value than for the first borehole pair. A likely reason for this
is, that estimates of the borehole deviations were not at our disposal for this borehole pair,

thereby resulting in larger uncertainties related to the position of the antennas.

The posterior distributions of the geostatistical parameters using data from the T1-S9

borehole pair are shown in Figures 11a to 1lg (red plots) along with the corresponding
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posterior distributions of the M3-S14 borehole pair (blue plots). Similarly to the synthetic
example (Figure 7) the two distributions are overlapping (except for the standard deviation
of the data error, which is extremely low). Given that the two borehole pairs are perpen-
dicular to each other, it is unclear if differences in the geostatistical parameters are caused
by spatial subsampling (as studied in Figure 7) or by horizontal anisotropy. Nevertheless,
for practical purposes we find that the estimates obtained from the two borehole pairs are

satisfactory.

The mean and the standard deviation of the velocity field based on 128 randomly selected
models from the posterior distribution are plotted in Figures 11h and 11i for the T1-S9
borehole pair. The subsurface structure reveals a layered structure that is very similar to
the structure found between the M3-S14 borehole pair. It correlates also well with the
hydraulic conductivity structure retrieved by deterministic inversion shown in Plate 5 of

Hubbard et al. (2001).

DISCUSSION

Our synthethic and field-based results suggest that the inference of a geostatistical param-
eter, for example the integral scale, may be adversely affected when considering data from
one borehole pair only. This is important to keep in mind when interpreting inversion re-
sults. In one case, a parameter might be estimated well, in other words, the true value is
close to the peak of the posterior distribution, while in another case the estimate is worse
and the true value is located towards the edges of the posterior distribution. The finite size
of the model domain implies that randomization of the true model in synthetic studies (see

Figure 7) is necessary to evaluate the quality of the geostatistical inference.
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To avoid overfitting and geologically unrealistic subsurface structures in our real-data
example, we subtracted an uncorrelated Gaussian estimate of the modeling error in the
forward step (de facto creating a stochastic forward operator). This is a simple approach to
deal with model errors, but it is consistent with the classical theory outlined by Kennedy
and O’Hagan (2001). Instead of using a correlated Gaussian process model as they do, we
simply consider the case of uncorrelated model errors. This implies that the 257 variables
describing the subsurface are inferred as before, while the N model errors are inversion
variables that are simply sampled from their prior distribution. A more sophisticated scheme
is likely to improve the results and the uncertainty estimates, but we leave this for future
research. Advantages of our approach are its simplicity and straightforward implementation.
A disadvantage is the resulting low acceptance rate, although this can partly be mitigated by
creating the random estimates of the modeling error through gradual deformation. Another
disadvantage is that the user has to specify two more parameters, which are the standard
deviation of the Gaussian modeling error estimates and the degree of gradual deformation.
Despite these limitations, we argue that this approach is more satisfying than ignoring

modeling errors altogether.

The subsurface structures retrieved for the M3-S14 borehole pair of our real-data exam-
ple are in good agreement with previous deterministic (Linde et al., 2008) and probabilistic
inversion results (Linde and Vrugt, 2013). The primary advantages of the presented ap-
proach compared to the one by Linde and Vrugt (2013) is that the model parameterization
is grounded on classical geostatistical theory and that the underlying geostatistical model
is inferred along with the actual subsurface structure. In the future, we plan to use this
inversion framework to address the feasibility of fully probabilistic inversion of full waveform

data.
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As the topics covered by Hansen et al. (2013a,b) are similar to those in this article, we
would like to highlight the main differences here. First of all, in this study, the number of
unknowns is reduced using a dimensionality reduction and the associated approach to avoid
streaking effects. This speeds up the convergence and allows for inverting even larger model
domains. Furthermore, with the DREAM|zg) algorithm, we use a different MCMC sampler
allowing for an efficient sampling of the posterior distribution. Second, we estimate also
all geostatistical parameters describing the geostatistical model and discuss the problem of
estimating these parameters from a finite-size model domain, for example from one borehole
pair only. Although estimating all geostatistical parameters might be possible with the
SIPPI-toolbox described by Hansen et al. (2013a,b) as well, only an example that estimates
the horizontal and the vertical integral scale is presented therein. Third, we also estimate
the standard deviation of the data error, which is not the case for the algorithm presented
by Hansen et al. (2013a,b). Fourth, we present a pragmatic and extremely simple method

of dealing with unknown modeling errors.

CONCLUSIONS

We have presented a probabilistic approach to invert crosshole GPR first-arrival travel-
times. We assume that the subsurface can be represented by a multi-Gaussian field. Both,
the subsurface structure as well as the geostatistical parameters describing the model are
estimated during the inversion process. Using a dimensionality reduction and circulant
embedding, the number of unknowns are reduced to 250 unknown dimension reduction
variables and seven variables describing the statistical variability of the subsurface and the
data. We successfully removed streaking artifacts for subsurface models featuring a large

integral scale by performing a domain extension and subsequent subsampling in the Fourier
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domain. A synthetic example demonstrated the possibilities of this algorithm. It also
showed that the retrieval of geostatistical variables depends on the subsurface structure,
because the inter-borehole interval is not large enough to make an unbiased estimate of
the underlying statistical model. Ergodicity can only be achieved by considering several
subsurface model realizations described by the same set of geostatistical parameters or by
extending the model domain by considering multiple borehole pairs. The same observa-
tion was made when considering field data from the South Oyster Bacterial Transport Site,
Virginia. To avoid overfitting due to unaccounted model errors in the real-data example,
uncorrelated Gaussian estimates of the modeling error were subtracted in the forward step.

The subsurface models retrieved in this way agree with previous studies.
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LIST OF FIGURES

1 An isotropic multi-Gaussian model realization with an integral scale of 3.5 m. The
other geostatistical parameters are given in Table 1. (a) Vertically aligned artifacts appear
when the circulant-embedding covariance matrix is too small in the horizontal direction.
These artifacts can partly be removed with (b) a taper or completely by (¢) implementing
domain extension and subsequent downsampling.

2 Variograms based on 1000 randomly generated multi-Gaussian model realizations
with an integral scale of 3.5 m using dimensionality reduction (red) and without any com-
pression (black): (a) without treatment of streaking artifacts, (b) tapered covariance matrix
and (c¢) domain extension and subsequent downsampling. The shaded areas indicate the
standard deviations of the variograms. (d) Relative error in percent of the mean variograms
using dimensionality reduction compared with the mean variogram of the uncompressed
model realizations.

3 A realization of a multi-Gaussian relative permittivity field that is treated as the
true model in the synthetic experiments reported in Figures 4-6.

4 (a) The root mean square error for each of the 16 chains weighted with the es-
timated standard deviation of the data error. Marginal posterior distribution of: (b) the
standard deviation of the data error (inlet shows a zoom), (c) the mean of the relative per-
mittivity, (d) the standard deviation of the relative permittivity, (e) the integral scale along
the major axis of anisotropy, (f) the anisotropy angle, (g) the ratio of the integral scale
along the minor axis of anisotropy to the integral scale along the major axis of anisotropy
and (h) the shape parameter in the Matérn function. The vertical red line indicates the
value used to generate the true subsurface structure shown in Figure 3. The horizontal

dashed lines in the individual subfigures indicate the prior distribution.
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5 A selection of eight randomly chosen model realizations from the prior distribution
illustrates the range of model realizations that the algorithm is considering in the synthetic
inversion studies.

6  (a-d) and (f-i) Randomly chosen realizations of the posterior distribution. (e) and
(j) The standard deviation and the mean of 128 model realizations. The colorbar of subfig-
ure (j) applies for all plots, except (e). The true model is shown in Figure 3.

7 The colored dashed and solid lines depict the marginal posterior distributions based
on independent inference of ten “true” models with the same underlying geostatistical model
(Table 1). (a) The standard deviation of the data error, (b) the mean of the relative per-
mittivity, (c) the standard deviation of the relative permittivity, (d) the integral scale along
the major axis of anisotropy, (e) the anisotropy angle, (f) the ratio of the integral scale
along the minor axis of anisotropy to the integral scale along the major axis of anisotropy
and (g) the shape parameter in the Matérn function. The distribution plotted with a thick
black line is the average of all 10 distributions. The vertical black line indicates the value
used to generate the subsurface structures. Note that the horizontal axis of Figures 7a and
7b does not span the whole prior range.

8 (a) The weighted root mean square error for each of the 16 chains used to invert the
field data between boreholes M3 and S14. Posterior distribution for the real-data example
of (b) the standard deviation of the data error, (c¢) the mean of the relative permittivity, (d)
the standard deviation of the relative permittivity, (e) the integral scale along the major
axis of anisotropy, (f) the anisotropy angle, (g) the ratio of the integral scale along the
minor axis of anisotropy to the integral scale along the major axis of anisotropy and (h)
the shape parameter in the Matérn function. The dashed line shows the prior distribution.

9 A selection of nine randomly chosen model realizations from the prior distribution
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illustrates the range of model realizations that the algorithm is considering in the field in-
version studies.

10 (a-p) 16 model realizations from the posterior distribution of the real-data example
between boreholes M3 and S14 at the South Oyster Bacterial Transport Site. The model
realizations are taken from various chains randomly selected at regular intervals. Instead
of the relative permittivity, the GPR velocity is plotted. (q) shows the standard deviation
and (r) the mean of 128 model realizations. The colorbar of the mean model is valid for
all subfigures, except (q). The asterisks and the triangles represent the source and receiver
positions, respectively.

11  Posterior distributions for the M3-S14 and T1-S9 borehole pairs of the field exam-
ple: (a) the standard deviation of the data error, (b) the mean of the relative permittivity,
(c) the standard deviation of the relative permittivity, (d) the integral scale along the major
axis of anisotropy, (e) the anisotropy angle, (f) the ratio of the integral scale along the minor
axis of anisotropy to the integral scale along the major axis of anisotropy and (g) the shape
parameter in the Matérn function. Note that the x-axis does not span the complete prior
range. The (h) mean and the (i) standard deviation of 128 model realizations for the T1-S9

borehole pair.
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Figure 1: An isotropic multi-Gaussian model realization with an integral scale of 3.5 m. The
other geostatistical parameters are given in Table 1. (a) Vertically aligned artifacts appear
when the circulant-embedding covariance matrix is too small in the horizontal direction.
These artifacts can partly be removed with (b) a taper or completely by (c) implementing
domain extension and subsequent downsampling.
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Figure 2: Variograms based on 1000 randomly generated multi-Gaussian model realiza-
tions with an integral scale of 3.5 m using dimensionality reduction (red) and without any
compression (black): (a) without treatment of streaking artifacts, (b) tapered covariance
matrix and (c) domain extension and subsequent downsampling. The shaded areas indi-
cate the standard deviations of the variograms. (d) Relative error in percent of the mean
variograms using dimensionality reduction compared with the mean variogram of the un-
compressed model realizations. 40
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Figure 3: A realization of a multi-Gaussian relative permittivity field that is treated as the
true model in the synthetic experiments reported in Figures 4-6.
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Figure 4: (a) The root mean square error for each of the 16 chains weighted with the
estimated standard deviation of the data error. Marginal posterior distribution of: (b) the
standard deviation of the data error (inlet shows a zoom), (c) the mean of the relative
permittivity, (d) the standard deviation of the relative permittivity, (e) the integral scale
along the major axis of anisotropy, (f) the an#dtropy angle, (g) the ratio of the integral scale

along the minor axis of anisotropy to the integral scale along the major axis of anisotropy
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Figure 5: A selection of eight randomly chosen model realizations from the prior distribution

illustrates the range of model realizations that the algorithm is considering in the synthetic

inversion studies.
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Figure 6: (a-d) and (f-i) Randomly chosen realizations of the posterior distribution. (e)

and (j) The standard deviation and the mean of 128 model realizations. The colorbar of

subfigure (j) applies for all plots, except (e). The true model is shown in Figure 3.
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Figure 7: The colored dashed and solid lines depict the marginal posterior distributions
based on independent inference of ten “true” models with the same underlying geostatistical
model (Table 1). (a) The standard deviation of the data error, (b) the mean of the relative
permittivity, (c¢) the standard deviation of the relative permittivity, (d) the integral scale
along the major axis of anisotropy, (e) the anigptropy angle, (f) the ratio of the integral scale

along the minor axis of anisotropy to the integral scale along the major axis of anisotropy
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Figure 8: (a) The weighted root mean square error for each of the 16 chains used to invert the
field data between boreholes M3 and S14. Posterior distribution for the real-data example
of (b) the standard deviation of the data error, (c¢) the mean of the relative permittivity, (d)
the standard deviation of the relative permittivity, (e) the integral scale along the major
axis of anisotropy, (f) the anisotropy angle, (g) the ratio of the integral scale along the
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Figure 9: A selection of nine randomly chosen model realizations from the prior distribution

illustrates the range of model realizations that the algorithm is considering in the field

inversion studies.
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Figure 10: (a-p) 16 model realizations from the posterior distribution of the real-data

example between boreholes M3 and S14 at the South Oyster Bacterial Transport Site. The
48

model realizations are taken from various chains randomly selected at regular intervals.
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Figure 11: Posterior distributions for the M3-S14 and T1-S9 borehole pairs of the field

example: (a) the standard deviation of the data error, (b) the mean of the relative permit-

tivity, (c) the standard deviation of the relative permittivity, (d) the integral scale along the

major axis of anisotropy, (e) the anisotropy angle, (f) the ratio of the integral scale along the

minor axis of anisotropy to the integral scale along the major axis of anisotropy and (g) the

shape parameter in the Matérn function. Note that the x-axis does not span the complete

prior range. The (h) mean and the (i) standard deviation of 128 model realizations for the

T1-S9 borehole pair.
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