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A B S T R A C T   

We have applied a Bayesian inference algorithm and released open-source code for the 1D inversion of audio-frequency magnetotelluric data. The algorithm uses a 
trans-dimensional Markov chain Monte Carlo technique to solve for a probabilistic resistivity-depth model. The inversion employs multiple Markov chains to 
generate an ensemble of millions of resistivity models that adequately fit the data given the assigned noise levels. The trans-dimensional aspect of the inversion means 
that the number of layers in the resistivity model is solved for rather than being predetermined. The inversion scheme favours a parsimonious solution and the 
acceptance criterion ratio is theoretically derived such that the Markov chain will eventually converge to an ensemble that is a good approximation of the posterior 
probability density (PPD). Once the ensemble of models is generated, its statistics are analysed to assess the PPD and to quantify model uncertainties. This approach 
gives a thorough exploration of model space and a more robust estimation of uncertainty than deterministic methods allow. 

We demonstrate the application of the method to cover thickness estimation for a number of regional drilling programs. Comparison with borehole results 
demonstrates that the method is capable of identifying major stratigraphic units with resistivity contrasts. Our results have assisted with drill site targeting and have 
helped to reduce the uncertainty and risk associated with intersecting targeted stratigraphic units in covered terrains. Interpretation of the audio-frequency mag-
netotelluric data has improved our understanding of the distribution and geometries of sedimentary basins. From an exploration perspective, mapping sedimentary 
basins and covered near-surface geological features supports the effective search for mineral deposits in greenfield areas.   

1. Introduction 

The electrical conductivity of Earth materials is sensitive to tem-
perature, fluid content and geochemical constituents, e.g. metallic sul-
phides and graphite (e.g. Ferguson et al., 1999); therefore, mapping 
conductivity variations in Earth materials is useful for mineral, 
geothermal, and hydrocarbon exploration, as well as groundwater 
detection and monitoring. Magnetotellurics (MT) measures the natural 
magnetic and electric fields of the Earth, caused by the interaction of the 
solar wind and magnetosphere at low frequencies (< 1 Hz) and by global 
lightning activity at high frequencies (> 1 Hz). The MT technique 
(Cagniard, 1953; Tikhonov, 1950), along with appropriate data inver-
sion and interpretation, provides a means to investigate conductivity 
distribution in the subsurface from a few tens of meters to hundreds of 
kilometres depth, depending on the frequencies of the measurement. 
Audio-frequency magnetotellurics (AMT) samples signals in the fre-
quency range of ~1 Hz to 10 kHz, pertaining to a few kilometres in the 
upper crust, and is applicable to shallow resource exploration. 

Conventional methods for geophysical inversion usually utilise 
gradient-based deterministic optimisation techniques; for example, 
Gauss-Newton methods (Pratt et al., 1998), steepest descent techniques 
(Roy, 2002), and conjugate gradients methods (Newman and Alum-
baugh, 2000; Rodi and Mackie, 2001; Siripunvaraporn and Egbert, 
2007). Typically, these methods strive to minimise an objective function 
comprising data misfit and model regularisation terms (e.g., Constable 
et al., 1987). The final solution is a single model that fits the data within 
the assigned noise levels and conforms as closely as possible to the 
constraints imposed by some form of regularisation. The solution often 
depends on a combination of the initial parameters and regularisation. 
As Brodie and Sambridge (2012) point out, the single model is just one of 
an infinite suite of models that could possibly fit the data within the 
noise levels. On its own, the single solution provides no information 
about the non-uniqueness or uncertainty in the solution. Some methods 
make use of the posterior model covariance matrix to estimate model 
parameter uncertainties. However, strictly speaking, such estimates are 
accurate only for linear problems and they cannot take account of the 
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non-linearity or non-uniqueness of the electromagnetic inverse problem. 
Probabilistic inversion methods have been recognised as a powerful 

approach to addressing the non-uniqueness problem and quantifying 
uncertainty. A probabilistic method does not settle on one best model 
but samples millions of models that all fit the data given the assigned 
noise levels. The inversion results are driven by data and prior as-
sumptions and are independent of initial parameters and regularisation. 
Probabilistic methods do not rely on linearisation and, therefore, are 
able to deal with strong nonlinearity (Dettmer and Dosso, 2013). Bayes’ 
Theorem (Bayes and Price, 1763) has been successfully applied to a 
broad range of applications and Markov chain Monte Carlo (McMC) 
algorithms have primarily been used to draw samples. Within a Bayesian 
framework, a probabilistic model of the parameter objective function is 
built based on a direct search of the global space, and the solution 
provided is a (posterior) probability distribution (PPD). Model uncer-
tainty can be quantified by assessing the PPD of the model parameters. 

In the last decade, the trans-dimensional (often called reversible 
jump) Markov chain Monte Carlo (rj-McMC) method has gained 
increasing traction in geophysics since it was first introduced by Green 
(1995). The trans-dimensional aspect of the algorithm allows model 
parameter to be solved for and model complexity to be inferred from the 
data. It has been applied to seismic tomography and receiver function 
data (Bodin and Sambridge, 2009; Bodin et al., 2012), airborne elec-
tromagnetics data (Brodie and Sambridge, 2012; Minsley, 2011), and 
marine controlled source electromagnetic data (Ray and Key, 2012). 
More recently, it has been implemented in the 1D inversion of magne-
totelluric (MT) data (Mandolesi et al., 2018; Peng et al., 2022; Xiang 
et al., 2018) and joint inversion of controlled source electromagnetic 
and MT data (Blatter et al., 2019). Blatter et al. (2021), for the first time, 
applied a 2D trans-dimensional Markov chain Monte Carlo algorithm to 
invert MT data by using a Gaussian process (GP) to achieve a parsimo-
nious model representation and, by utilising high performance 
computing infrastructure, to efficiently sample the model space. While 
these studies provided detailed algorithm development and statistical 
exploration of model parameters, few of them sufficiently demonstrated 
the application and validation of the method using real data. 

We present our implementation of a Bayesian inference reversible 
jump Markov chain Monte Carlo method to perform 1D inversion of 
AMT data for near-surface exploration. The method is similar to that 
proposed by Mandolesi et al. (2018), with differences in the recipe for 
proposing a candidate model. Tests of the method on synthetic data were 
reported in Brodie and Jiang (2018). In real cases, we have applied the 
method to estimate depth to basement in sedimentary basins, and vali-
dated its application by comparing with other observations including 
refraction seismic, airborne magnetic data and drill results. For example, 
we have successfully applied the method to cover thickness estimation 
for a number of regional drilling programs across Australia (Figure 1) 
which, in turn, provide ground-truth borehole results to test the models. 
Here we report outcomes from inversion of AMT data to characterise 
cover and discuss the implications for mineral exploration. 

2. MT Theory 

The MT technique makes use of simultaneous measurements of the 
Earth’s magnetic and electric fields as an electromagnetic induction 
source to derive resistivity structure in the subsurface (Cagniard, 1953; 
Tikhonov, 1950). The basis of the MT technique is that the penetration 
depth of electromagnetic waves depends on the sounding frequency/ 
period and on the resistivity structure of the subsurface. Based on the 
assumption that the primary electromagnetic field is a plane wave 
impinging on the Earth with vertical incidence and travelling in a 
diffusive manner within the Earth, the propagation of electromagnetic 
fields through the Earth materials can be mathematically solved using 
Maxwell’s equations by applying the boundary conditions across dis-
continuities (layers interfaces) (Dmitriev and Berdichevsky, 1979; 
Vozoff, 1991). The complex ratios of the orthogonal components of 

magnetic (H) and electric (E) fields, expressed as an impedance tensor 
(Z), are used to describe the penetration of electromagnetic fields into 
the Earth (Cagniard, 1953; Tikhonov, 1950; Ward and Hohmann, 1988). 
The impedance tensor and the electric and magnetic fields are related as: 
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The amplitude of the impedance tensor Z is commonly expressed in 
terms of apparent resistivity through the relation: 

ρa(ω) =
1

ωμ0

⃒
⃒
⃒
⃒
Ex

Hy

⃒
⃒
⃒
⃒

2

= 0.2T
⃒
⃒
⃒
⃒
Ex

By

⃒
⃒
⃒
⃒

2

(2)  

and phase angle indicating the phase shift between the electrical and 
magnetic field components: 
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where ρa(ω) is the apparent resistivity in ohm.m at angular frequency ω, 
∅ is the phase angle in degrees, T is the period (reciprocal of the fre-
quency) and μ0 is the magnetic permeability value in a vacuum. When 
collecting field data, the electric field E is measured in mV/km and the 
magnetic field is measured as magnetic induction B in nT, instead of the 
magnetic intensity H, where B = μ0H. 

MT responses are sensitive to the dimensionality and direction of the 
structure beneath, and such information is reflected in the impedance 
tensor. For a layer-cake 1D Earth, where conductivity only varies with 
depth, the diagonal elements of the impedance tensor, Zxx and Zyy 
(which couple parallel electric and magnetic field components), are zero 
while the off-diagonal components (which couple orthogonal electric 
and magnetic field components), Zxy and Zyx, are equal in magnitude but 
have opposite signs. For a 2D Earth, where conductivity varies with 
depth and along one direction, the diagonal elements of the impedance 
tensor are zero, while the off-diagonal components are different. The 
direction in which the conductivity of a 2D structure does not vary is 
termed the strike (principal conductivity axis). If the impedance is 

Fig. 1. Location of the three recently completed regional drilling programs in 
Southern Thomson, Coompana Province, and East Tennant, overlain on the 
Geological Regions of Australia map, 1:5 000 000 scale (Blake et al., 2012). 
Data source of deposit commodity: OzMin database 
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measured at an arbitrary orientation, the measurements need to be 
rotated into a 2D form or a best-fitting 2D form during 2D analysis 
(Booker, 2014; Caldwell et al., 2004). For a 3D Earth, conductivity 
varies in all directions and the four impedance tensor components are 
individually different. 

In a layered 1D Earth, in which each layer has constant resistivity 
and thickness, the impedance tensor can be solved from the bottom 
uniform half-space (bottom layer of the model) and computed itera-
tively to the topmost layer by applying boundary conditions that 
transmit and reflect electromagnetic waves (Kaufman and Keller, 1981). 

The rotational invariants of the impedance tensor Z are independent 
of the direction of the inducing field and measurement orientations 
(Szarka and Menvielle, 1997) and, therefore, are useful for MT analysis. 
Among a number of rotational invariants, the difference between off- 
diagonal elements, 

Z1 =
(
Zxy − Zyx

)/
2 (4)  

the sum of the diagonal elements (known as the trace), 

Z2 =
(
Zxx + Zyy

)/
2 (5)  

and the determinant of the impedance, 

det(Z) =
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are often used for data inversion and interpretations.In addition, the 
geometric mean of the apparent resistivity ̅̅̅̅̅̅̅̅̅̅̅̅̅ρxyρyx

√ and the arithmetic 
mean of the apparent phase ((θxy + θyx)/2) are often used for 1D 
modelling, although the off-diagonal components are supposed to be 
equal in a perfect 1D structure 

3. Bayesian Inference via a rj-McMC Algorithm 

We have developed a computer program, which we call rj-McMCMT, 
to perform 1D inversion of AMT data in a Bayesian framework using 
reversible jump Markov chain Monte Carlo sampling. The source code 
and user document can be downloaded from Geoscience Australia’s 
GitHub® repository https://github.com/GeoscienceAustralia/rjmcmcm 
t. It is built upon an open-source rj-McMC library (Hawkins, 2013; 
Sambridge et al., 2013) developed at the Research School of Earth Sci-
ences, Australian National University (http://www.iearth.org.au/codes 
/rj-MCMC/). The library provides low-level routines for running 
reversible jump Monte-Carlo Markov chains for 1D and 2D spatial 
regression problems and also allows generalisation to any spatial 1D and 
2D problem through a user-supplied data misfit function. For more de-
tails about the library, interested readers are referred to Denison et al. 
(2002), Gallagher et al. (2011), Sambridge et al. (2013) and Hawkins 
(2013). Specifically, our program makes use of the 1D inversion func-
tionality in the rj-McMC library through the function 
MPI_part1d_forwardmodel. 

Our program calls MPI_part1d_forwardmodel to perform the trans- 
dimensional sampling and, in doing so, it passes our routine that is 
called when every proposed 1D resistivity model is sampled. Our routine 
calculates the 1D MT forward response of the proposed model and 
returns the negative-log-likelihood (0.5 × chi-squared and log-value of 
the normalising factor) of the model given the observed data and 
assigned noise levels. The proposed new model may or may not be 
accepted and added onto the end of the Markov chain. If the proposed 
model is not accepted a copy of the current model is added to the end of 
the chain. The trans-dimensional aspect of the algorithm allows the 
number of layers in the resistivity model to be a parameter to be solved 
for in the inversion itself, meaning the number of layers does not need to 
be fixed in advance. 

Our forward modelling routine generates the MT data for an 
isotropic layered resistivity model at the specific list of frequencies for 

which the observed data are available. The program has options to 
invert data in the form of either real and imaginary impedance or 
apparent resistivity and phase, directly from field data in a standard 
Electrical Data Interchange (EDI) format. When inverting impedance 
data we use the determinant of the impedance tensor (Equation (6)). 
When inverting apparent resistivity and phase data, we use the geo-
metric mean of the apparent resistivity and the arithmetic mean of the 
apparent phase. Relative and absolute noise standard deviation esti-
mates for the data are specified and combined (assuming independence) 
to generate the total noise estimate that is used in the inversion to 
calculate the noise-normalised (L2-norm) data misfit (chi-squared). 

Figure 2 describes the probabilistic inversion workflow. The program 
is parallelised using the Message Passing Interface (MPI) paradigm. For 
each AMT station, multiple Markov chains are executed in parallel on a 
cluster computer or multi-core workstation. Each chain is initialised 
with a model randomly drawn from the prior probability distribution. 

The algorithm assumes uniform prior probability for the number of 
layers in the model and a log-uniform prior on the depths of the layer 
interfaces. The latter is because depth in the model is parameterised in 
terms of logarithmic depth. As the chain samples new models the al-
gorithm is allowed to make one of four types of perturbations to the 
current model: (a) change to the resistivity of a layer (value change); (b) 
move an interface up or down (interface move); (c) create a new interface 
(birth); or (d) remove an interface (death). The new model is proposed by 
drawing random perturbations from a Gaussian proposal distribution. 
The proposed model is either accepted or rejected based on an accep-
tance criterion ratio. The acceptance criterion ratio is theoretically 
derived such that the Markov chain will eventually converge to an 
ensemble that is a good approximation of the PPD of the model given the 
data and supplied noise estimates. Details of the derivation of the 
acceptance ratio are given in Bodin et al. (2012). For the value-change 
and interface-move propositions, the sampling algorithm favours 
accepting models with higher likelihoods (lower data misfits) and higher 
prior likelihoods than the current model. For the birth and death 

Complete!

No

Yes

Accepted?

Calculate forward model 
response and likelihood
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Fig. 2. Probabilistic sampling workflow using the rj-McMCMT algorithm to 
perform 1D inversion of audio magnetotellurics (AMT) data. 
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propositions, the acceptance probability is a balance between the pro-
posal probability, which encourages resistivity changes between adja-
cent layers, and the difference in data misfit, which penalises changes if 
they degrade the data fit. Also, given similar data fits, a proposed model 
has more chance of being accepted if it has fewer layers than the current 
model. This gives the algorithm a form of natural parsimony (Bodin and 
Sambridge, 2009; Malinverno, 2002) by adapting Occam’s minimum 
structure philosophy (Constable et al., 1987). It is implemented by using 
the Occam Factor as the ratio of posterior accessible volume to prior 
accessible volume to penalise more complex parametrisations (MacKay, 
2003; Ray et al., 2016). 

The number of samples (models) for the burn-in period of the Markov 
chain is specified by the user, which allows the data misfit to converge to 
an acceptable level before any samples are accepted into the ensemble. 
The convergence history from a test run can give an indication of the 
number of samples needed for the burn-in period. After the burn-in 
period, new models are added into a discretised 2D PPD histogram. 
That is, for each discrete histogram depth-bin, the model resistivity is 
determined and the corresponding histogram resistivity-bin count is 
incremented. This progressively builds up an image representation of 
the desired posterior probability. Similarly, a 1D change-point histo-
gram is built up by incrementing all depth-bins of the 1D histogram in 
which a layer interface falls. At the conclusion of the sampling the PPD 
and the change-point histograms from all the parallel chains are merged. 
The single most probable (highest likelihood) and lowest misfit models 
from all chains are also saved. An example is given in Figure 3. 

Statistics summaries can be derived to assess the PPD of resistivity at 
depth and to quantify the model uncertainty. One of the measures for 
quantifying model uncertainty is a credible interval delineated by 

percentiles of the posterior distribution. A larger credible interval in-
dicates a higher degree of variability in the models (samples) and sug-
gests a higher uncertainty. Another measure of uncertainty is to use the 
1D change-point histogram, which describes the probability of a re-
sistivity layer interface occurring at a particular depth bin. This histo-
gram can be interrogated to assess the probability of a peak falling at a 
particular depth and in some cases can be used to quantify layer 
boundary uncertainty. In this study, the full width at half maximum 
(FWHM) statistic is used to estimate the uncertainty of a layer boundary 
interface. The FWHM is calculated by finding the width in metres of the 
peak at half of its maximum probability, where the larger the FWHM 
value the higher uncertainty of the depth estimate. 

4. Applications and Results 

Approximately 80% of Australia is covered by sedimentary basins 
and regolith and is largely under-explored. To improve understanding of 
cover sequences, basement geology and mineral potential, Geoscience 
Australia has undertaken a number of regional stratigraphic drilling 
programs in covered terrains in collaboration with Australian state and 
territory geological surveys. We have applied the rj-McMCMT method to 
estimate cover thickness from AMT data for drilling programs in the 
Southern Thomson, Coompana Province and East Tennant regions of 
Australia (Figure 1). 

4.1. Southern Thomson 

The Southern Thomson drilling program is in the Paleozoic Thomson 
Orogen region of southern Queensland and northern New South Wales 

Fig. 3. Plot summarising the results of the rj-McMCMT inversion at Site GSQ Eulo 1 (Roach et al., 2017): (a) & (b) real and imaginary impedances and error bars 
(red) and the best fitting model from each Markov chain (blue); (c) data misfit convergence history for each Markov chain (104 burn-in period); (d) histogram of the 
number of model layers; (e) the summary median, 10th and 90th percentile, mean and mode models overlying the pseudo-coloured shaded image of the 2D log-PPD 
histogram; (f) the change-point histogram showing the probability of where layer interfaces occur and FWHM quantifying the uncertainty; and (g) the stratigraphic 
log from the adjacent borehole. 
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(Figure 1). It is largely concealed by Mesozoic sedimentary rocks of the 
Eromanga Basin and younger sedimentary rocks. Basement rocks of the 
Thomson Orogen are identified to have potential to host gold and 
intrusion-related Mo-W mineral systems (Armistead et al., 2017; Roth-
ery, 2013). 

We used AMT, refraction seismic and airborne magnetic data to es-
timate cover thickness at proposed drill sites in the southern Thomson 
Orogen as part of the pre-drilling geophysics campaign in 2016, which 
aimed to reduce the uncertainty and risk associated with intersecting the 
targeted stratigraphy. We inverted AMT data (Jiang, 2017) at each site 
using 128 Markov chains with each chain sampling 1 million models. We 
then interpreted the posterior ensemble results and estimated cover 
thickness using the resistivity contrast between the overlying Eromanga 
Basin and the basement. Comparison with drillhole results indicates that 
the method is capable of identifying major stratigraphic structures and 
providing cover thickness estimates with a reasonable accuracy. 

We selected the drill site GSQ Eulo 1 (MT station Adv1) as an 
example. We inverted the impedance tensor determinant for 40 fre-
quencies in the range 1 Hz to 10 kHz. For both real and imaginary 
components we assessed the data errors to be 5% relative noise and 
0.025 mV/km/nT noise floor. We specified the maximum depth of the 
layer interfaces to be two times the maximum skin depth to allow 
electromagnetic waves to decay. The maximum number of layers 
allowed in the resistivity model was set at 20. The minimum and 
maximum resistivity range (0.1 to 100,000 Ωm) is specified in log10 
units. A summary of the results is given in Figure 3. 

Figure 3a and 3b show real and imaginary components of the 
impedance tensor with their assigned error bars, and the predicted data 
from the best-fitting model for each of the 128 Markov chains, which 
happen to plot almost exactly on top of one another and fit the obser-
vation data reasonably well. The number of samples (models) for the 
burn-in period is specified as 10,000, which allows the models to 
converge before any samples are accepted into the ensemble. Because 
data misfit is normalised by data error, an ideal value of 1 is an indi-
cation of model convergence. For a visualisation purpose, in Figure 3c 
we plot twice that of the total data misfit. As demonstrated by the 
convergence history, after the burn-in period, the chains are converging 
from high data misfits down to the expected data misfit of 80 (i.e., twice 
of the total number of data) represented by the horizontal line. After the 
burn-in the chains remain fitting the data at close to the expected value. 
Figure 3d indicates that a 5 or 6-layer model is the most likely. 

Several statistics are extracted from the 2D log-PPD histograms 
including the mean, mode, 10th, 50th (median) and 90th percentile log- 
resistivity values in each depth-bin (Figure 3e). These suggest a high 
posterior probability for a very conductive zone in the top 50 m that 
corresponds well with the weathered Winton Formation (0-48 m) of the 
Eromanga Basin as shown on the stratigraphy log (Figure 3g). The 
borehole lithology shows yellow goethite and reddish hematite patches 
with iron concretions (Roach et al., 2017), which would contribute to 
high conductivities. The inversion results suggest the remainder of the 
Eromanga Basin sequence is predominantly conductive, with some 
possibility of resistive zones, until approximately 250 m where a sig-
nificant transition from conductive to resistive material occurs. The 
broad peak of the transition in the change-point histogram between 225- 
275 m coincides with the Wyandra Sandstone Member or Cadna-owie 
Formation. Because these formations have similar electrical resistivity 
properties, the MT responses cannot distinguish them due to weak re-
sistivity contrasts. Below 275 m the inversion profile is definitively 
resistive, representing a basement consisting of Nebine Metamorphics 
greenschist (part of the Thomson Orogen). 

We also compared cover thickness estimates from AMT, refraction 
seismic and airborne magnetic data with borehole results at three 
actually drilled sites (Figure 4; (Goodwin et al., 2018)). The AMT 
method provided cover thickness estimates that are in reasonable 
agreement with drilled basement depths at all three sites. This is because 
the Eromanga Basin sediments form a conductive cover that can readily 

be distinguished from the resistive basement geology. 
Cover thickness estimates from airborne magnetic data using a Tar-

geted Magnetic Inversion Modelling (TMIM) method (Goodwin et al., 
2017) were able to predict the basement depth in two out of three cases. 
However, this technique suffers from the fact that a suitable magnetic 
source anomaly is required in the area of interest, and this was not al-
ways the case at these sites. This issue is highlighted at GSQ Eulo 2, 
where the borehole was located on an isolated and steep-sided basement 
high (Roach et al., 2015) and the depth to basement is shallow (51 m). 
However, the magnetic anomaly was sourced from a target adjacent to 
(and deeper than) the borehole target that resulted in an overestimation 
of the cover thickness. 

At a deeper site (GSQ Cunnamulla 1), seismic refraction under-
estimated the depth to basement, because the resolvable depth by the 
refraction seismic method was limited to ~300 m by the seismic source. 
Note that the depth ranges inferred from seismic refraction represent the 
topographic variations along a 2D layer that was modelled, rather than 
actual uncertainties as in the other methods. 

Interpretation using various independent geophysical methods pro-
vides more information about the nature of the basement-cover interface 
throughout the southern Thomson Orogen. In particular, that it is 
weathered, it has mappable topography, and it can be recognised by its 
seismic velocity, electrical conductivity and magnetic susceptibility 
contrasts. As no one technique provided perfect predictions of cover 
thickness in all situations, it is recommended that several geophysical 
techniques be used as complementary methods to determine cover 
thickness in greenfield terrains. 

4.2. Coompana province 

The Coompana Province straddles the South Australian–Western 
Australian border in South Australia’s far west (Figure 1). It is 
completely covered by Neoproterozoic to Cenozoic sediments of the 
Officer, Denman, Bight and Eucla basins, and there are no known re-
cords of outcropping basement. The geology of the Province is poorly 
understood and the mineral prospectivity of the South Australian part of 
the Province is largely unknown. 

The Coompana Drilling Project was a collaborative project between 
Geoscience Australia and the Geological Survey of South Australia, co- 
funded by Geoscience Australia’s Exploring for the Future program 

Fig. 4. Comparison of cover thickness estimates with uncertainty from AMT, 
refraction seismic and airborne magnetic data with borehole results at three 
drill sites (Goodwin et al., 2017; Goodwin et al., 2018). 
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and the South Australian Government’s PACE Copper initiative. As part 
of the pre-drilling geophysics program, we applied the MT method to 
estimate cover thickness for drill targeting. We collected MT data at six 
historic boreholes in 2016 and at eight proposed drill sites in 2017 
(Jiang et al., 2017). One and two-dimensional modelling were under-
taken using different methods to improve confidence levels, which 
included the non-linear conjugate gradient (NLCG) algorithm of Rodi 
and Mackie (2001, 2012), Occam’s inversion (Constable et al., 1987) 
and the trans-dimensional Markov chain Monte Carlo algorithm. An 
example of model results and comparison with drill result at borehole 
CDP003 are given in Figure 5 and Figure 6. 

Model results show the presence of a moderately resistive layer in the 
upper few tens of metres (~50 m), which is interpreted as the Nullarbor 
Limestone. Beneath, it is evident that the MT responses transitioned 
from resistive to conductive rocks, from chalky fossiliferous limestone 
(Wilsons Bluff Limestone) to a more conductive structure which is 
characterised by resistivities less than 10 Ωm. This layer (~120 to ~250 
m) is interpreted as Pidinga Formation and/or Madura Formation, likely 
to be unconsolidated deposits, e.g. claystone/siltstone with shale, or 
carbonaceous mudstone/sandstone. The enhanced conductivity may 
also be attributed to sediments or rocks saturated with groundwater. 
Because these formations have similar electrical conductivity properties, 
the MT responses cannot distinguish them due to weak conductivity 
contrasts. The diffusive nature of electromagnetic techniques also 
smears sharp boundaries and thin layers (Constable et al., 1987). At 

greater depths (>~250 m), the resistivity value gradually increases from 
10 Ωm to 102-103 Ωm, representing the Loongana Formation (sand-
stone) and the underlying basement (Moodini Supersuite). 

The cover thickness estimates at five boreholes compare favourably 
(Figure 7) with drilling results with a variable accuracy of 0.5% to 14%. 

4.3. East Tennant project 

The East Tennant project area is located east of the Tennant Creek 
district in the Northern Territory (Figure 1), and is defined by an 
approximately northeast-trending corridor extending to the Queensland 
border. The Proterozoic Warramunga Province, exposed in the vicinity 
of Tennant Creek, hosts iron-oxide-copper gold mineralisation. The East 
Tennant area is almost completely covered by sedimentary rocks of the 
Georgina Basin and Kalkarindji Igneous Province, whereas the extent of 
the Paleo-Mesoproterozoic South Nicholson Basin has not been mapped 
precisely due to limited and sparsely distributed boreholes. Despite the 
lack of exposed basement rocks in the area, this under-explored region is 
considered to have significant mineral potential (Czarnota et al., 2020; 
Murr et al., 2020; Schofield et al., 2020; Skirrow et al., 2019). 

Geoscience Australia, in partnership with the MinEx CRC and 
Northern Territory Geological Survey, undertook a drilling campaign in 
the East Tennant region during late 2020 as part of the National Drilling 
Initiative (NDI). Prior to drilling, geophysical surveys were conducted to 
acquire higher-resolution gravity and MT data in the East Tennant 

Fig. 5. Plot summarising the results of the rj-McMCMT inversion at MT site 07E1 near borehole CDP003: (a) & (b) real and imaginary impedances and error bars 
(red) and the best fitting model from each Markov chain (blue); (c) data misfit convergence history for each Markov chain (104 burn-in period); (d) histogram of the 
number of model layers; (e) the summary median, 10th and 90th percentile, mean and mode models overlying the pseudo-coloured shaded image of the 2D log-PPD 
histogram; (f) the change-point histogram showing the probability of where layer interfaces occur. 
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Fig. 6. MT model results near borehole CDP003: (a) 1D resistivity model from Occam’s inversion (black line showing the Occam model and hatched blocks showing 
the estimated resistivity structure); (b) 2D log-PPD histogram with pseudo-coloured shading and the summary models from rj-McMCMT; (c) model section from the 
2D non-linear conjugate gradient (NLCG) algorithm; (d) stratigraphy log at borehole CDP003 (Dutch et al., 2017). 

Fig. 7. Cover thickness estimates from the Occam 1D, NLCG 2D and rj-McMCMT 1D inversion results compared to the drilling results (true vertical depth). The 
rjMcMCMT 1D results are interpreted from the change point peaks at the depth of transition from the conductive sedimentary basins to the resistive basement, and 
are presented with the FWHM uncertainty of the peak distribution. 
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region (Jiang and Duan, 2019). In July and August 2019, broadband MT 
and AMT data were acquired at 131 stations including ten proposed drill 
sites with site spacings of approximately 2-10 km (Figure 8). We used 
AMT data to constrain cover thickness as an aid to selecting drilling 
targets and to refine sedimentary basin extents. We also used broadband 
MT data to image deeper crustal architecture and to characterise the 
geometry of major structures. The broadband MT results will be pre-
sented in a separate paper. 

We inverted AMT data at all 131 sites, using 32 Markov chains each 
sampling 1 million models. Figure 9 gives examples of inversion results 
at a few of the initially proposed National Drilling Initiative drill sites. 
Figure 10 shows spatially interpolated cover thickness from all the MT 
sites using the Inverse Distance Weighted method, along with a FWHM 
plot as a quantification of the uncertainty in the most likely interface 
change between the overlying sedimentary basins and the basement. 

All the models show a conductive near-surface layer (<20 ohm.m) 
approximately 50 m thick, representing the weathered top of the 
Georgina Basin (Figure 9). Beneath is a moderately resistive layer (a few 
hundred ohm.m), suggesting a mixture of sedimentary rocks of the 
Georgina Basin and volcanic rocks (Helen Springs Group) of the Kal-
karindji Igneous Province (Glass, 2002; Glass and Phillips, 2006). At 
greater depths (a few hundred metres), a transition to highly resistive 

basement occurs at some sites, mostly those to the southeast of the 
Gulunguru Fault, e.g., at site ET09n (Figure 9). At some sites to the 
northwest of the Gulunguru Fault, conductive materials are observed at 
depths of a few hundred to ~2000 m, possibly representing black shales 
within the basin sequences, i.e. the Mullera Formation of the South 
Nicholson Basin – sites ET02n and ET018 are two examples. The 
recessive Mullera Formation contains organic-rich shale and minor 
ironstone which contribute to enhanced conductivities. Its thickness is 
estimated to be greater than 1100 m in the Northern Territory (Carter 
and Zimmerman, 1960). Based on our results, we suggest that the 
Mullera Formation could be present at a depth of a few hundred metres 
and reach substantial thickness northwest of the Gulunguru Fault in the 
East Tennant region. Spatially interpolated cover thickness (Figure 10a) 
indicates that the Paleo- and Mesoproterozic basin sequence is fault 
bounded by the Gulunguru Fault, suggesting a thicker cover to the 
northwest and a thinner cover (a few hundred metres) comprising only 
the Georgina Basin and Kalkarindji Province to the southeast of the 
Gulunguru Fault. 

In terms of uncertainty, as shown in Figure 9, the 80% credible in-
terval (bounded by the dashed lines) is significantly higher in the more 
resistive parts of the model. This is expected because it is well known 
that MT responses are more sensitive to conductive material than 

Fig. 8. Broadband and AMT stations in the East Tennant region. Black lines show the trace of major faults interpreted from seismic reflection and potential-field data 
(Clark et al., 2021). Brown lines mark the previously interpreted extent of the South Nicholson Basin based on sparse borehole and potential-field data. The 
background map is the Bouguer gravity anomaly map (Nakamura, 2016) overlain on the first vertical derivative of the reduced to pole magnetics map of Australia, 
6th Edition (Nakamura and Milligan, 2015). 

W. Jiang et al.                                                                                                                                                                                                                                   



Journal of Applied Geophysics 208 (2023) 104869

9

resistive material. In addition, Figure 10b shows that cover thickness 
estimates are generally more accurate at sites with thinner cover to the 
southeast of the Gulunguru Fault, with a few exceptions (e.g. ET046, 
ET038). Figure 11 indicates a moderately positive linear relationship 
between cover thickness estimates and uncertainty quantified by the 
FWHM, except at two outliers (ET010 and ET079). It is unsurprising that 
uncertainties in the cover thickness estimates increase with depth given 
that data sensitivity declines with depth. Sites with greater than ~600 m 
uncertainty (FWHM) represent sites with poorly defined peaks in the 
change-point histogram and uncertainty estimates using the FWHM may 
not be appropriate. 

Cover thickness estimates at proposed drill sites have assisted with 
stratigraphic drill targeting. For example, the cover thickness estimate at 
ET92n (Fig. 9 and Fig. 10a) confirms a newly recognised basement high, 
which is at a drillable depth (borehole NDIBK06). At site ET015n, the 
model result suggests the basement is unlikely to be reached until 760 m. 
Therefore, this drill site was moved ~12 km northeast (NDIBK10). At 
site ET02n and a few surrounding sites, e.g. site ET018, the top of the 
basement is likely as deep as ~1000 m due to the presence of the South 
Nicolson Basin. Therefore, this site was not drilled. All the final drill sites 
were selected to the southeast of the Gulunguru Fault, except site 
NDIBK06. 

In December 2020, the 10-hole, 4000 m drilling campaign was suc-
cessfully completed in the East Tennant region as part of the National 
Drilling Initiative. We have validated the models against the drilling 
results to improve our geophysical interpretations. Fig. 12 shows a 
comparison between cover thickness estimates from the inversion 
models and those interpreted from drilling results. At sites ET10n, 
ET015 and ET008, significant resistivity increase occurred at the top of 
basement granitic rocks where cover thickness estimates compare 
favourably with drilling results with an accuracy of 0.7% - 5.4%. At the 
rest of the sites, where the Georgina Basin comprises a more siliciclastic- 
rich lower part, AMT couldn’t discriminate those sedimentary rocks 
from the basement rocks. Therefore, the resistivity contrast marks the 
top of siliciclastic rocks above Helen Springs Volcanics, rather than the 

basement. For example, at NDIBK10, siliciclastic sedimentary basin infill 
is approximately 726 m deep. Greater discrepancy is observed at these 
sites. We will undertake a more rigorous analysis of these comparisons 
as interpretation of the drilling results progresses. 

5. Discussion and conclusion 

We have used trans-dimensional Bayesian inversion to solve for an 
ensemble of resistivity-depth models. The probabilistic method has a 
few advantages over deterministic inversion methods. First of all, it 
gives a thorough exploration of model space and a more robust esti-
mation of uncertainty than deterministic methods allow. The inversion 
results are driven by data and relatively uninformed uniform priors; 
therefore, they are global and robust (Chen et al., 2012). The algorithm 
provides a wealth of information about unknown model parameters 
which allow for a reliable quantification of non-uniqueness and uncer-
tainty. Second, the trans-dimensional aspect of the algorithm allows the 
number of layers in the resistivity model to be an unknown. This feature 
means users do not need to pre-select the model layer structure. This is 
especially appealing when inverting geophysical data collected in 
greenfield regions where prior knowledge of the geology may not be 
adequate and pre-selection of layers can bias results. Third, the method 
gives pronounced layer boundaries that allow more straightforward and 
repeatable interpretation of resistivity structures than is possible from 
regularised smooth model inversions. Last, the method is not subject to 
starting model sensitivity and instability issues that are sometimes 
encountered in gradient methods. The code is embarrassingly parallel 
and resources from the National Computational Infrastructure (NCI 
Australia) allow hundreds of sites to be inverted within hours. 

Geophysical techniques are applicable to cover thickness estimation 
where they can detect physical property contrasts between cover se-
quences and basement rocks. For example, we have used MT data to 
image electrical conductivity contrast; refraction seismic to calculate 
distinct velocities corresponding to different stratigraphic units; and 
magnetic data to estimate depth to magnetic basement rocks given that 

Fig. 9. Examples of the 1D probabilistic inversion results at a selection of proposed drill sites in the East Tennant region: the summary median, 10th and 90th 

percentile, mean and mode models overlie the pseudo-coloured shaded image of the 2D log-PPD histogram. 
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cover sequences are non-magnetic. Other researchers have successfully 
used passive seismic data to retrieve sedimentary basin geometry by 
applying Receiver Functions method (Piana Agostinetti et al., 2018), 
teleseismic P-wave delays method (Piana Agostinetti and Martini, 
2019), and teleseismic auto-correlations (Phạm and Tkalčić, 2017). 
Each geophysical technique has capabilities and limitations, therefore, 
they are preferably used in conjunction to provide complementary 
information. 

The application of the MT method to cover estimation has been 
validated and the results compare favourably with borehole stratigraphy 

logs. This demonstrates that the method is capable of identifying major 
stratigraphic structures with resistivity contrasts. Our results have 
assisted with the planning of regional drilling programs and have helped 
to reduce the uncertainty and risk associated with intersecting targeted 
stratigraphic units in covered terrains. 

From an exploration perspective, mapping sedimentary basins and 
covered near-surface geological features supports the effective search 
for mineral deposits in the upper crust in greenfield areas. Interpretation 
of the AMT data has improved our understanding of the distribution and 
geometries of sedimentary basins; in some cases, their configurations 

Fig. 10. (a) Cover thickness estimates from inversion of AMT data using the rj-McMCMT method in the East Tennant region; (b) FWHM uncertainty of the peak 
distribution for the mostly likely depth to basement. This spatially interpolated surface was generated using an Inverse Distance Weighted method. Green triangles 
show the final National Drilling Initiative drill sites, which in some cases differ from the initially proposed sites shown in Figure 8. Black lines show the trace of major 
faults interpreted from seismic reflection and potential-field data (Clark et al., 2021). 

W. Jiang et al.                                                                                                                                                                                                                                   



Journal of Applied Geophysics 208 (2023) 104869

11

Fig. 11. Scatterplot showing correlation between cover thickness estimates and uncertainty quantified by FWHM for the 131 stations in the East Tennant region. The 
red trend line indicates a moderately positive linear relationship. 

Fig. 12. Comparison of cover thickness estimates with uncertainty (FWHW) from the rjMcMCMT 1D inversion models with drilling results from the National Drilling 
Initiative campaign in the East Tennant region. Depths are true vertical depth in meters. 
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were previously interpreted based only on sparse borehole and 
potential-field data which are relatively insensitive to depth. 

Code and data accessibility 

The rj-McMCMT code is accessible as C++ source code and as exe-
cutables for 64-bit Windows® PCs. The source code is packaged in a Git 
repository and can be downloaded from Geoscience Australia’s GitHub® 
repository https://github.com/GeoscienceAustralia/rjmcmcmt. The 
code can be compiled using most modern C++ compilers on both Linux 
and Windows® based systems. 

The source code and binaries are released under the GNU GPL 
Version 2.0 Licence, making it available for anyone to use at no cost, 
including for academic, government and commercial purposes. All of the 
programs are command line driven and hence do not have graphical user 
interfaces. The code is accompanied by basic user documentation and 
examples. However, Geoscience Australia will not be providing user 
support for the source code installation and/or program usage. 

Data used in this paper have been publicly released by Geoscience 
Australia. MT data in the Southern Thomson (Jiang, 2017) can be 
accessed via http://pid.geoscience.gov.au/dataset/104240; MT data in 
the Coompana Province (Jiang et al., 2017) can be accessed via http: 
//pid.geoscience.gov.au/dataset/112942; and MT data in the East 
Tennant region (Jiang and Duan, 2019) can be accessed via http://pid. 
geoscience.gov.au/dataset/ga/132016. 
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