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Abstract
Rocky desertification is a significant threat in the karst regions of southwest China. Studies of soil distribution can contribute 
to protecting and recovering the fragile karst ecosystem that is prevalent in this region. With an underlying aim of being 
able to assess soil stocks in karstic environments, this study evaluates the use of electrical resistivity tomography (ERT) for 
delineating the soil–rock interface. Using a synthetic model (that recognizes the three-dimensional nature of the subsur-
face), experiments are performed to assess the impact of measurement errors and measurement configuration on recovery 
of the interface. The inverted results show that the accuracy of the delineation of the soil–rock interface decreases with the 
increase of measurement error and dipole spacing. The results also show the importance of reliable estimation of measure-
ment errors. Field-based applications of ERT at five exposed profiles in southwest China are also reported. For the field 
data, three-dimensional modelling was necessary to account for the exposed face. The field experiments show that ERT can 
be effective at delineating the interface between soil and bedrock, but resolution can be limited due to the scale of features 
or lack of contrast between soil and bedrock. The method shows great promise as a means of assessing, in a non-invasive 
manner, the soil–bedrock interface, and, perhaps, more significantly, quantifying estimates of total soil stocks, as we seek to 
quantify the vulnerability or resilience of this important landscape to anthropogenic and natural stresses.
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Introduction

Soils provide a matrix for vegetation, a supply of miner-
als and nutrients for plant growth, an essential medium that 
allows the exchange of water and gases between the surface 
and subsurface, a significant store of carbon and a habitat for 
insects and many other organisms (Miller 1953; Schoonover 

and Crim 2015). Assessing the abundance or thickness of 
soil is, therefore, critical for the understanding numerous 
environmental and ecological processes and the impact of 
natural and anthropogenic-driven changes on many ecosys-
tem services. In karstic environments, the soil thickness can 
be extremely heterogeneous, and rapidly evolving.

Karst landforms are formed from the dissolution of solu-
ble rocks (such as limestone, dolomite, marlstone, and gyp-
sum), which can lead to physical collapse of bedrock (sink-
holes) and can often result in the development of the caves, 
springs, and underground rivers (Sweeting 1995; Goldsc-
heider and Drew 2007). Erosion and suffosion processes 
(associated with subsidence sinkholes or doline formation 
via either collapse or subsidence) at, or near, the ground 
surface can result in complex soil profiles (Fig. 1).

The karst region of southwest China is one of the largest 
contiguous areas of karst globally, and covers 540,000 km2 
(Hollingsworth 2009). In this area, the terrain undulates sig-
nificantly because of the combination of bedrock dissolution 
and tectonic processes, enhanced by the warm and moist 
climate. The production rate of soil is low (about 2 cm per 
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10,000 years), because the insoluble residue content in pure 
carbonate rocks is small (less than 5%; Jiang et al. 2014). 
Moreover, there are high-intensity human activities such 
as deforestation, cultivation, and reclamation (Zhang et al. 
2017) which have a significant impact on the soil profile. 
As a result, soil loss and rocky desertification is of major 
concern in this region (Wang et al. 2004, 2014; Zhou et al. 
2012; Peng and Wang 2012).

Because of significant soil loss potential, the soil layer in 
hillslopes of karstic regions in southwest China is usually 
shallow, highly variable in thickness and sometimes discon-
tinuous, as shown in Fig. 1. In the geographic area of study, 
here, soils are typically 20–40 cm thick in upper hillslopes 
and 50–150 cm thick at the foot of hillslopes (Peng and 
Wang 2012; Hu et al. 2015; Fu et al. 2016). Transportation 
and replacement of soil into dissolution features in the bed-
rock can result in complex soil profiles (Zhou et al. 2012; 
Wang et al. 2014; Merino and Banerjee 2008; Banerjee and 
Merino 2011).

Methods to assess soil thickness rapidly are, therefore, 
potentially extremely valuable in such regions, where soils 
are essential for many ecosystem services but also extremely 
vulnerable to changes in climate and land use. Given the 
high heterogeneity of soil profiles in karstic environments, 
traditional auger and excavation techniques are limited given 
their small measurement support volume. Recently, Yan 
et al. (2019) investigated the morphological characteristics 
and soil properties of shallow karst features in southwest 
China and highlight the need more rapid non-invasive meth-
ods to characterize such features. Here, we explore the use 
of electrical geophysical methods for mapping soil thickness 
in a shallow karst environment.

Over the past few decades, geophysical methods have 
emerged as effective measurement techniques for many 
hydrological studies (Binley et  al. 2015). Such meth-
ods provide measurements of geophysical proxies for 

properties of interest. Ground penetrating radar (GPR), 
which relies on the ‘echo sounding’ of contrasts in soil 
electrical properties (e.g., at the soil–bedrock interface), 
have been used to assess soil thickness of large spatial 
scales (e.g., Wang et al. 2015; Xia et al. 2016; Zhang 
et al. 2013). However, the investigation depth of GPR is 
extremely limited, where soils are electrically conductive 
due to high clay and moisture content (Chalikakis et al. 
2011; Zhou et al. 2012). Such soils are prevalent in south-
west China; moreover, many soils contains high gravel 
content (i.e., fragments of limestone and dolostone), which 
produces interference signals (Wang et al. 2015), which 
can mask signals related to the soil–bedrock interface.

Electrical resistivity tomography (ERT) is a geophysical 
method that provides 2D and 3D images of the variation 
in electrical resistivity (inverse of electrical conductiv-
ity) using electrodes typically placed on the ground sur-
face. ERT has been widely used in karstic environments. 
For example, Zhu et al. (2011) adopted a range of ERT 
methods (including time-lapse approaches) to locate karst 
conduits, and Carrière et al. (2013) and Martínez-Moreno 
et al. (2014) combined ERT and GPR to detect fractures 
and conduits in karst. However, most previous studies 
have focused on using ERT to detect the deep karst struc-
tures, such as sinkholes, caves and conduits. ERT also has 
potential for revealing the soil–bedrock interface and thus 
providing a means of quantifying soil stocks on complex 
bedrock topography, as the soil resistivity is commonly 
much lower than the carbonate rock resistivity (Chalikakis 
et al. 2011).

Zhou et al. (2000) attempted to use ERT to define depth 
to bedrock. However, they noted a large difference between 
their geophysical results and borehole logging. They 
attributed their failure to six causes: data quality; limita-
tions of electrical methods; non-uniqueness of the model-
ling results; inaccuracy in the soil boring data; impact of 
three-dimensional geology; and complex geology in karst 
terrains.

Building on the experiences of the previous studies, 
this study explores the effectiveness of ERT to map shal-
low karst soil thickness at a number of sites in a region of 
southwest China. Rather than comparing field results to 
point measurements (as in previous studies), we exploit the 
availability of a number of roadway cuts with exposed pro-
files. We examine, for the first time, a comparison of ERT 
performance and visual observations of soil thickness, at 
a number of sites characteristic of the region. We also 
explore the impact of various measurement configurations 
and factors using a synthetic modelling study. The study 
is part of a larger investigation of critical zone processes 
within the karstic region of southwest China, which aims 
to assess threats to ecosystem services caused by changes 
in land use in the area.

Fig. 1   Schematic diagram of the shallow soil–bedrock interface in 
karst
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Study area

The study sites are located in the Puding County, Guizhou 
Province, China (Fig. 2). Puding is located in the drain-
age divide between the Yangtze and Pearl river systems, 
of which 98% of the water flow is north to the Yangtze 
river. The terrain is sloped from the south and north part 
to the central valley (Sancha River). The average elevation 
is close to 1354 m. The climate belongs to the Western 
Pacific Ocean subtropical monsoonal region, where aver-
age annual precipitation and temperature are 1378.2 mm 
and 15.1 °C, respectively.

The main soil type is the red clay (terra rossa) formed 
by carbonate after its solution in hot, humid, and rainy cli-
mate conditions (Zhou et al. 2012). Given the local climate 

and hydraulic properties, this soil has a high water con-
tent, strong plasticity, relatively high mechanical strength 
and low compressibility (Zhou et al. 2012). Given these 
properties, the resistivity of clay soils (terra rossa) in the 
study area is relatively low (i.e., wet clays are electrically 
conductive).

The karst area of Puding accounts for 84% of the 
total area. The soil erosion modulus for the area is up to 
3054 tons/km2/year. The rocky desertification area accounts 
for 35.8% and the desertification rate is up to 513 hectares/
year. In other words, bedrock desertification is extremely 
serious in Puding and its impact on, for example, agriculture 
and water quality, poses a great threat to local habitants.

Based on differences of bedrock types and covered soil 
thickness, five profiles with an exposed face were selected 

Fig. 2   Location and geology map (1:500,000) of Puding County study area and the five selected survey profiles
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for ERT surveys. Two profiles on a thick-bedded lime-
stone, two on dolomite, and one on lamellar limestone were 
selected. Detailed information about bedrock type, land use, 
soil thickness, and ERT survey of the five profiles is shown 
in Table 1.

Methodology

ERT

ERT is an active source geophysical method: pairs of elec-
trodes in contact with the ground are used to create an elec-
trical field (i.e., current is induced) and pairs of electrodes 
measure the voltage gradient away from the source. By car-
rying out such measurements in different geometrical config-
urations, it is possible to assess the resistivity of the subsur-
face. Traditionally, electrodes are laid out in the field along 
one line and a 2D representation of the resistivity beneath 
that line is derived. Using a 2D arrangement of electrodes 
on the surface, a 3D image can be assessed.

Different electrode configurations (the geometry of 
the quadrupole) are possible (Binley 2015). The Wenner, 
Schlumberger, and dipole–dipole configurations are the 
most popular (e.g., Kaufmann and Deceuster 2014; Binley 
2015; Keshavarzi et al. 2017). Although the dipole–dipole 
configuration has, in comparison to others, a weak signal 
strength, it is the most effective for assessing lateral variation 
in resistivity (a likely characteristic of karst) in the shallow 
subsurface. In addition, many modern ERT measurement 
devices allow some level of multi-channel measurement 
using a dipole–dipole configuration, thus making this con-
figuration efficient in the field.

The ERT inversion software (R2 and R3t) developed by 
Binley (2013, 2016) is used in this study for estimation of 
resistivity distribution. Field measurements were made using 
a Syscal Pro 96 (Iris Instruments, France), which can con-
nect to 96 electrodes simultaneously, and collect 10 meas-
urements on contiguous dipoles simultaneously. We adopted 
a typical 2D imaging configuration in the field, installing 
the electrode array a short distance from the exposed face 

to ensure that the observed face is a reasonable match to the 
image zone (Table 1, column of “Distance to exposed face 
(m)”). However, as dipoles are separated in an ERT survey, 
the footprint of the measurement increases, and thus, there 
is some inevitable impact of resistivity variation orthogonal 
to the line (i.e., away from the roadway cut face).

Resistivity images are computed from an inverse solu-
tion of the potential field problem. We used the commonly 
adopted Occam’s inversion (see Binley and Kemna 2005) for 
the resistivity problem. This involves determining a smooth 
resistivity model that is consistent with the data. Alterna-
tives to this exist (e.g., ‘blocky’ inversion), and, as the name 
suggests, can provide sharper interfaces. However, they can 
suffer from lack of robustness. This, coupled with the wide-
spread availability and use of smoothness-type inversions 
for ERT, led to the adoption here of this approach. For 2D 
modelling, we used the code R2 (Binley 2013), and for 3D 
modelling, we adopted the code R3t (Binley 2013). Both 
codes utilize an unstructured finite-element mesh, allowing 
modelling and representation of complex geometries. Much 
of the modelling was carried out in 3D, as the exposed face 
needs to be accounted for, since it acts as a resistive fea-
ture orthogonal to the ERT survey line, and therefore, the 
assumption of two-dimensionality is inappropriate.

Soil–rock interface collection

At each field profile, photographs of the face were obtained, 
and these were then geo-referenced in ArcGIS based on 
direct measurements of sections of the profile. Once geo-
referenced, an interface was manually picked and extracted 
from the image. This was then compared with the resistivity 
profile computed at the position of the ERT survey line.

Synthetic profile

For testing the ERT inversion model, a synthetic soil and 
rock distribution in an exposure profile was constructed 
(Fig. 3). In this profile, which is based on typical profiles 
observed locally, the average thickness of the soil layer is 
set to 78 cm with a standard deviation of 50 cm. Variation 

Table 1   Information about bedrock type, land use, soil thickness, and ERT survey line set of five profiles

ID Bedrock type Ground cover Soil thickness (m) ERT survey line Distance to 
exposed face 
(m)Average Variation Number of 

electrodes
Electrode spac-
ing (m)

1 Thick-bedded limestone Bare 0.90 0.50 48 0.30 0.64
2 Corn 1.12 0.40 96 0.30 0.72
3 Dolostone Grass 1.60 1.10 96 0.25 0.66
4 Bare 0.47 0.14 48 0.50 0.70
5 Laminar-bedded limestone Corn 0.78 0.51 96 0.20 0.72
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in soil thickness was added to mimic soil within vertical 
fissures in bedrock. We assume that the soil distribution in 
the direction orthogonal to the ERT survey is constant. The 
height of the exposed profile is set to 2 m. The resistivity 
of soil and bedrock is set to 20 and 2000 Ω m, respectively 
(see, for example, Glover 2015). The ERT survey contains 
96 electrodes at 20 cm spacing and runs parallel to the 
exposed profile, 50 cm from the exposed face.

Given the exposed profile in Fig. 3, an unstructured 3D 
finite-element mesh was created to represent the geometry 
of the site. The 3D code, R3t, was used, in forward mode, 
to compute the voltages from dipole–dipole measurements 
along the single ERT transect, i.e., the modelled ERT data. 
Measurements were made with different dipole spacing: 
“skip 0” (dipole spacing of one electrode, i.e., 20 cm), 
“skip 2” (dipole spacing of three electrodes), and “skip 8” 
(dipole spacing of nine electrodes). Measurements were 
simulated for 1, 2,…, 20 levels, where each ‘level’ is a 
separation between current and potential dipoles. Given 
the ‘observed’ data, R3t was then used, in inverse mode, 
to compute the resistivity (inverse) model that is consistent 
with the observed voltage signals.

The synthetic data set allowed the examination of vari-
ous factors on the recovery of a reasonable representation 
of the soil profile: the impact of measurement error; the 
effect of ignoring the exposed face; the effect of choice of 
dipole spacing; and the effect of the choice of electrode 
spacing.

Effect of measurement error

In a synthetic model, there are no measurement errors, 
unlike a real field situation. However, measurement (and 
modelling) errors can impact significantly on the computed 
resistivity model (Tso et al. 2017). To assess this impact, 
we perturbed the synthetic forward response with different 
levels of noise, assumed normally distributed. Four cases 
were considered: an artificially low 0.1% noise and three 
more realistic cases with 2%, 5%, and 10% noise added. We 
assume in each case that the noise level (i.e., the statistics of 
noise) is known, but the actual error on each measurement 
is not known, as in a real setting.

The percentage root mean square (RMS) was used to 
evaluate the performance of the inversion in recovering the 
true soil profile. RMS is defined as

where ho is observed (i.e., the true model) depth of soil layer 
at location i, hm is the model (i.e., inverted model), and N is 
the number of observations. If RMS is equal to 0, clearly, the 
model-simulated results perfectly match the observations; if 
RMS is greater than 100%, then the model is no better than 
a predictor using zero (Cheng et al. 2018).

The results of the inversions of the four data sets are 
shown in Fig. 4. In each image, a magenta line shows the 
true interface and a white line shows a 32 Ω m resistivity 
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Fig. 3   Synthetic model showing soil layer overlying bedrock on an exposure profile
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contour, selected as an interface between relatively low- 
and high-resistivity zones. The choice of such a value of 
resistivity is somewhat subjective, but should reflect the 
value of maximum change in resistivity through a verti-
cal profile. Indeed, one may adopt more sophisticated 
image analysis tools to select such a region of transition 
of resistivity. The images show that under low measure-
ment error, the inversion recovers significant detail about 
the structure of soil–bedrock interface, but as the measure-
ment error increases, the misfit between true and modelled 
result increases. However, even for error levels above those 
normally expected in the field (e.g., Fig. 4d), a reasonable 
recovery of the pattern is achievable.

In practice, measurement error is estimated by the sur-
vey operator. Tso et al. (2017) provide some guidelines for 
such estimation and illustrate the impact of inappropriate 
error estimation. Figure 5 shows, for the synthetic case here, 
how incorrect estimation of measurement errors affects the 
interpreted profile. Taking the forward model in Fig. 3 and 
perturbing the data with 2% noise, inversions were carried 
out assuming an underestimated measurement error of 0.2%. 
Figure 5 shows the result, alongside the result with a ‘cor-
rect’ measurement error estimate of 2% (i.e., as shown in 
Fig. 4b). As shown in the figure, underestimating the meas-
urement error leads to greater lateral variation in the inter-
preted interface. At some locations (e.g., ~ 5 m along the 
profile), the interface is better matched to the true model, 
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but in general, there is a poorer misfit, highlighting the need 
to assess measurement errors in the field.

Effect of different dipole–dipole configurations

Increasing the electrode dipole spacing increases the magni-
tude of the measured voltage and thus will enhance the sig-
nal-to-noise ratio in a field setting. However, there is a risk 
of deterioration of resolving capability with a large dipole 
spacing. Figure 6 illustrates the performance of 3D inver-
sions using data from the synthetic model with 2% noise 
using three different dipole spacing lengths. Some smearing 
of the interpreted interface (e.g., at 10 m and 12 m) is evi-
dent from the skip 8 (dipole length = 1.8 m) result. Clearly, 
it is not necessary to constrain a survey to one dipole spac-
ing: a combination can be used to balance resolution and 
signal strength. However, the results do reveal some level of 
redundancy (e.g., the skip 0 and skip 2 results are similar), 
and thus, careful consideration of appropriate configura-
tions prior to any survey is recommended. A wide range 
of quadrapole configurations is possible for DC resistiv-
ity surveys. The optimum choice of quadrapole geometry 
or combinations will depend on several factors, notably: 
required resolution and depth of investigation; sources of 

noise; instrumentation available. By examining the effec-
tiveness of different quadrapoles through forward modelling 
with realistic noise incorporation, survey performance can 
be significantly enhanced.

Ignoring the three‑dimensionality of the problem

The forward model (Fig. 3) is clearly three-dimensional in 
nature given the exposed face. Figure 7 illustrates the per-
formance of a two-dimensional inversion of data from such 
a model. For this case, the 3D forward model data were per-
turbed with 2% Gaussian noise and then inverted using the 
2D inverse code, R2. In comparison with the equivalent 3D 
inversion (Fig. 4b), the performance of the 2D inversion is 
relatively poor: the non-conducting exposed face impacts on 
deeper measurements (since current flow from an electrode 
is three-dimensional), which has an effect of adjusting the 
position of the interface in the inverse model, in addition to 
smearing some of the structure of the interface. This exam-
ple is somewhat artificial, as the effect of 3D current flow is 
only exaggerated here because of the exposed face, which 
would not normally exist in a normal field application. How-
ever, the value of appropriate three-dimensional modelling 

Fig. 5   Effect of assumed measurement error on inferred resistivity interface of the synthetic model

Fig. 6   Effect of dipole spacing on inferred resistivity interface of the synthetic model
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in inverse mode for the field data shown in the next section 
is clearly made.

Field profiles

Thick‑bedded limestone

Two profiles with thick-bedded limestone, located in 
Maguan town, Puding County, were chosen (Fig. 2). The 
properties of the two profiles are shown in Table 1 (ID 1 
and 2). Photographs of the two exposed faces are shown in 
Fig. 8a (ID 1) and b (ID 2). The average soil thickness in 
profile ID 1 is less than that of profile ID 2, but greater vari-
ation in the former is evident. The ERT survey line designs 
of the two profile are listed in Table 1. ERT surveys were 
carried out with a dipole–dipole skip 0, skip 1, and skip 2 
configuration, which were merged prior to inversion. The 
measurement errors were estimated based on the difference 
between forward and reciprocal measurements: estimated 
relative errors for the two survey line are 1.6% and 0.3%, 
respectively.

The inverted resistivity distributions from R3t are shown 
in Fig. 8a, b. The soil layer clearly shows up as a low resis-
tivity zone above a high resistive bedrock. As can be seen 
from the resistivity models in Fig. 8, ERT is generally able to 
detect the location of the soil–bedrock interface, although a 
200 Ω m contour was selected for profile ID 1 and a 100 Ω m 
contour for profile ID 2. A contrast in resistivity is not as 
sharp as the photograph, which is no doubt a result of the 
diffusive nature of the ERT method coupled with smoothing 
to regularize the inversion. Note also that the ERT measure-
ments were carried out along a single transect and although 
the three-dimensional nature of current flow in the profile is 
modelled and the image shown is a two-dimensional vertical 
slice of the three-dimensional inversion, any resistivity vari-
ation orthogonal to the survey line cannot be accounted for. 
Despite these limitations, and recognizing that our goal is 
not to reproduce perfectly the interface, the ERT inversions 

reveal clearly that soil extending to depths of over 1 m exist 
at the site.

Dolostone

Two dolostone profiles, located downstream of the Qinshan 
reservoir, were selected (Fig. 2). Photographs of the profiles 
are shown in Fig. 9. The characteristics of the two profiles 
are reported in Table 1 (ID 3 and 4). Profile ID 3 (Fig. 9a) 
shows significant lateral variability and deep soil infill, 
whereas profile ID 4 (Fig. 9b) is characterized by relatively 
thin soil with a reasonable flat bedrock interface. At the left-
hand side of profile ID 3, a karst void is apparent, which 
connects to the surface via a sinkhole.

The ERT survey line designs, layout, and arrays are 
shown in Table 1 (ID 3 and 4). Again, measurement errors, 
based on reciprocity, were low: 0.1% and 0.5%, respectively, 
for ID 3 and ID 4. The resistivity models computed by R3t 
are shown in Fig. 9. As in the previous limestone example, 
a contrast in bedrock and soil resistivity of about one order 
of magnitude is evident. A resistivity contour of 100 Ohm.m 
was used to demark a soil–bedrock interface. Again, the gen-
eral pattern is recovered by the resistivity model, although 
the smaller scale features are poorly resolved (e.g., 10–15 m 
along profile ID 3 in Fig. 9a). The deeper feature towards 
the left-hand side of profile ID 3 is clearly not accurately 
reproduced by the inversion, but the resistivity model does 
reveal low resistivity to depth—consistent with the observed 
terra rossa profile. For profile ID 4, a relatively low resis-
tive feature is also seen at depth on the left-hand side of the 
profile (~ 5 m along the profile), which appears inconsistent 
with the marked interface on the image (Fig. 9b); however, 
as can be seen from the photograph, there is evidence of 
some deeper clay soil at this point.

Laminar‑bedded limestone

A laminar-bedded limestone profile located at Shirenzai 
(Fig. 2) was selected for investigation. Figure 10 shows a 
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photograph of the exposed profile; features of the profile 
and ERT survey are reported in Table 1 (ID 5). In this pro-
file, the soil layer is undulatory, but in some parts, the soil 

thickness is large (up to 2 m) due to deep solution fissures. 
ERT measurement errors were generally very low, resulting 

Fig. 8   Example profiles and ERT-resistivity model for the Maguan 
limestone site. Yellow line (photo) and magenta line (ERT image): 
true interface. White line: inferred interface from ERT. a Profile ID1; 

b Profile ID2 (see Table  1 for details). The horizontal and vertical 
scales of the photo are identical to that of the image accompanying it
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in a relative error estimate of 0.8%. The inverted resistivity 
model from R3t is shown in Fig. 10.

The resistivity model, again, shows consistency with 
the profile. Although specific individual fissures cannot be 
resolved, the depth of clay and contrast between left- and 

right-hand sides of the profile mirrors the profile well. The 
zone of relatively high (1000 Ω m) resistivity on the right of 
the image matches the observed intact bedrock; however, the 
bedrock on the left of the profile appears to have somewhat 
lower resistivity. This highlights a challenge in areas, where 
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photo are identical to that of the image accompanying it
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heterogeneity of the underlying bedrock exists when such 
heterogeneity can lead to contrasts in electrical properties, 
e.g., due to local variations in lamination or occurrence of 
marl, for example, that may result in greater moisture reten-
tion in bedrock.

Discussion

The synthetic and field examples shown above reveal how 
resistivity imaging may be effective in revealing complex 
morphology of a shallow soil–bedrock interface in karstic 
environments. Such soil may be localized infill or due to 
replacement of carbonate rocks by minerals forming terra 
rossa soils. In-situ demonstration of such techniques is 
challenging because of the high heterogeneity in such 
systems and limited direct observations. Our approach 
has been to exploit the existence of exposed faces as field 

laboratories. Visual inspection of these faces provides 
a powerful means of validation; however, we can only 
assess structures visually at the face and yet we know that 
the systems are highly heterogeneous and any variation 
orthogonal to the face is impossible to quantify. As tech-
niques such as ERT are sensitive, to some degree, to such 
variation, particularly as dipole separation increases, then 
the image represents an aggregation of this larger foot-
print, which may differ from that revealed on the exposed 
face. As our study has focused on exposed faces, three-
dimensional geo-electrical modelling was necessary. 
For practical application, conventional two-dimensional 
approaches would be adopted.

Despite these limitations, the resistivity images reported 
here reveal, in general, significant consistency with the 
observed structures. We rely, of course, on contrasts between 
electrical resistivity of unconsolidated materials and bed-
rock. In the sites, we have worked on the Puding County 
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of Guizhou Province, China, and aquifer potentiometric 
surfaces are relatively low and soils relatively thin, and so, 
such contrast exists. For sites with infill extending beneath 
a potentiometric surfaces, contrasts in resistivity will be 
weaker and the technique less effective. In such cases, a 
combination of different quadrupole geometries may be 
more effective, thus retaining some lateral sensitivity whilst 
also achieving good signal strength in deeper measurements 
(see, for example, May and Brackman 2014).

The ERT results from synthetic and field trials reported 
here indicate that despite short electrode spacing (typi-
cally 10 s of cm) and good measurement quality, a perfect 
delineation of a soil–bedrock interface in such environ-
ments is unlikely to be achieved. ERT, as a potential field 
problem, will never provide such delineation. As we have 
adopted conventional smoothness-based inverse modelling 
approaches, sharp contrasts in resistivity are penalized to 
some degree by the adopted objective function of the inverse 
method. Alternative inverse methods exist that can lead to 
sharper contrasts in the inverse model; however, we elected 
to use a smoothness-based approach because of their inher-
ent robustness and universal adoption. Furthermore, we 
believe that there is a greater value in the ability to estimate 
(1) whether such terra rossa exists; (2) what the typical ver-
tical and length scales of such terra rossa are; and (3) an 
estimate of the total soil stock within an area. Based on the 
results shown above, it would appear that such assessments 
are achievable.

Alternative geophysical methods exist that may be effec-
tive for similar application. Ground penetrating radar (GPR) 
is a likely contender and is certainly capable of much high 
resolution (with appropriate antennae) (e.g., Carrière et al. 
2013). In fact, at the field sites reported here, we also ran 
GPR surveys, but the results were generally inconclusive 
due to numerous vertical and horizontal reflections sources. 
In addition, clay soils are often, so conductive that georadar 
energy does not penetrate deep enough. That is not to say 
that GPR would not work in other sites, but for the five field 
profiles reported, GPR was ineffective.

As always, geophysical methods should not be used in 
isolation. Here, we have compared visually with exposed 
faces. In a true field deployment, such faces will clearly not 
exist and other means of local validation will be required. 
This is likely to be in the form of shallow drilling or (much 
easier) penetrometer testing.

The surveys employed here used relatively short elec-
trode spacing to delineate features over the scale of 1 m or 
greater. Clearly, for application over larger field sites, such 
deployment is likely to be impractical using the same con-
figuration. However, advances in geophysical techniques 
applied to agronomy (Allred et al. 2008) may have poten-
tial for such larger scale investigations. In fact, there has 
been a recent regeneration of the use of terrain conductivity 

(electromagnetic induction, EMI) measurements in agron-
omy and soil science (e.g., Corwin and Lesch 2005), which 
may prove effective for shallow karst deployment. Such 
measurements are made using induced currents and thus do 
not rely on physical contact with the soil (as in the case of 
ERT); furthermore, these measurements are relatively rapid, 
allowing easy coverage of large areas with a single operator. 
New EMI instruments are available with multiple-coil spac-
ing, allowing concurrent assessment of electrical resistivity 
at different depths (e.g., von Hebel et al. 2014; Shanahan 
et al. 2015). Although resolution will be even weaker than 
ERT, these methods may be extremely effective at assessing 
first order estimates of soil stocks, perhaps used in combi-
nation with ERT to provide localized higher resolution at 
targeted areas. As we move to even larger scales, resistivity 
imaging offers great potential for validating remote sensed 
data (e.g., from satellite data), as demonstrated recently by 
Pardo-Igúzquiza et al. (2018).

Conclusion

This study has shown how ERT can be used effectively 
to assess the soil–rock interface in karstic environments. 
The inverted results based on the synthetic data show that 
the accuracy of the delineation of the soil–rock interface 
decreases with the increase of measurement error, and 
dipole spacing. Reliable estimation of measurement error 
is important for quantitative assessment of the soil–bedrock 
boundary—a factor that has often been overlooked in earlier, 
related, studies.

Unlike previous field-based studies utilizing point-based 
observations of soil thickness (e.g., from boreholes), this 
study exploited the availability of a number of exposed 
faces, offering visual evidence of soil thickness and its vari-
ation along a profile. Field-based applications of ERT at five 
profiles in the study in southwest China have shown that: (1) 
ERT is able to detect horizontal or gently dipping soil–rock 
interfaces correctly; (2) soils stored in localized fissures, 
solution-enlarged joints, or grikes can be detected, but reso-
lution can be limited; (3) the lateral boundary of a soil-filled 
fissure is clearer than the bottom boundary, because the lat-
eral resolution of dipole–dipole method adopted here; (4) 
ERT is unable to detect small fissures under the thick soil 
layer; and (5) if the bedrock is weakly resistive [as observed 
at the lamellar limestone site possibly because of intense 
weathering and combination of high water and clay content 
(Fig. 10)], then differentiation of the soil–rock interface may 
be challenging.

Some improvements in ERT performance may be possi-
ble through more sophisticated inverse modelling, but these 
must be robust for wide deployment. However, we firmly 
believe that as a means of assessing general features and 
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nature of the soil–bedrock interface patterns non-invasively, 
ERT is an effective tool. Furthermore, used in conjunction 
with mobile electromagnetic induction instruments, total 
soil stocks over karst landscapes may be achievable. Such 
approaches may help us, as we seek to quantify the vulner-
ability or resilience of this important landscape to anthro-
pogenic and natural stresses.
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