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SUMMARY

Developments in multi-channel instrumentation systems and
computational resources have made the collection of large,
non-conventional DC resistivity datasets commonplace. Al-
though these large datasets can greatly improve the resolution
of recovered inverse models, they present challenges for stan-
dard data quality control (QC) methodologies. These limita-
tions prompted us to develop a generalized data QC method-
ology which utilizes statistical analysis and classification tools
to identify inconsistent and noise contaminated data. The use
of these statistical methods helps decrease the subjectivity of
the data QC process. We test the methodology on a field
dataset from an underground potash mine and several synthetic
datasets. The results of these tests show that the methodology
is capable of identifying and characterizing highly noise con-
taminated data from a variety of noise sources. This 4-stage
data QC methodology is highly adaptive, allowing it to be tai-
lored to accommodate data from any type of DC resistivity
survey and potentially data from a variety of other geophysical
surveys.

INTRODUCTION

The motivation for this research stems from the analysis of a
large, non-conventional DC resistivity dataset from the Mosaic
K2 potash mine near Esterhazy, Saskatchewan. Engineers at
this mine have been combating water inflow problems for over
a decade with limited success. A large, non-conventional DC
resistivity dataset was collected to image the sources of water
inflow and map the conduits through which the water flows.
The large contrast in conductivity between the wet salt or briny
water (0.1 - 20 S/m) and dry salt (2.5×10−5 - 0.01 S/m) makes
electrical or electromagnetic (EM) methods ideally suited for
for this problem (Duckworth, 1992; Chouteau et al., 1997).

The ore zone of the K2 mine lies at a depth of ∼1 km, in the up-
per layers of the Middle Devonian Prairie Evaporite. The mine
workings are separated from an overlying aquifer by roughly
20 m of evaporites and a dolomitic shale layer (Second Red
Bed) (Gendzwill and Stead, 1992). Water inflow problems re-
sult when the integrity of these impermeable layers is compro-
mised by voids, inhomogeneities, or mining induced fractur-
ing (Gendzwill and Stead, 1992). To prevent flooding, an esti-
mated 38,000L of brine are pumped out of the K2 mine each
minute. The brine is re-injected into a deeper aquifer. The
re-injection of brine has raised concerns of over-pressurizing
the deeper aquifer and driving water up from below. Under
these circumstances, water may be entering the mine both from
above and below. Figure 1 shows an overview of the mine en-
vironment and provides context regarding the geological set-
ting.

DC resistivity data were collected using a non-conventional

Figure 1: A schematic diagram showing the geological setting
and infrastructure at the K2 mine.

3-D dipole-dipole array. 120 stainless steel electrodes were
laid out along the interior tunnel walls as shown in Figure 2(a)
with a spacing of 5 m to image the central region between the
tunnels, where a water inflow source is suspected. A survey
comprising 2,351 current electrode pairs (transmitters, Tx) and
95,194 associated potential electrode pairs (receivers, Rx) was
collected using an IRIS Syscal Pro. Figure 2(b) depicts the
non-conventional nature of the measured potential differences
for a typical Tx. With this multi-channel switching system, 6
cables are linked with connecting boxes to connect electrodes
1-60 with the control box and another 6 cables are used to
connect electrodes 61-120. These combined cables will be re-
ferred to as Cable 1 and Cable 2 respectively.

In preparation for the initial inversion, uncertainty estimates
of 5% plus a floor of 2 mV/A were assigned and a background
conductivity of 0.005 S/m was selected for the reference and
initial models. This background conductivity is consistent with
literature values for the Prairie Evaporite and the observed ap-
parent resistivities. The problem was discretized using an oc-
tree mesh (Haber and Heldmann, 2007; Haber et al., 2012)
and the data were inverted using the UBC-GIF DCIP3D octree
code (UBC - Geophysical Inversion Facility, 2012). Olden-
burg and Li (2005) provide a general tutorial on inverse the-
ory while Li and Oldenburg (1994), LaBrecque et al. (1996),
Loke and Barker (1996), Ramirez et al. (1996), and Loke et al.
(2013) specifically discuss the inversion of DC resistivity data.

Results of the initial inversion (Figure 5(a)) show geologically
reasonable conductivity structures, but the high normalized data
misfit indicates that the model poorly fits much of the observed
data (Figure 3(a)). Inspection of the individual misfits revealed
that the high global data misfit was not due to a few outliers in
the data, but that approximately 25-30% of the data have nor-
malized misfits between 10-20 (Figure 3(b)).
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(a) Discretized tunnel and electrode geometry

(b) Typical Tx with associated Rx’s

Figure 2: (a) shows the layout of the discretized tunnels (blue
resistive cells) on the octree mesh and the location of all 120
electrodes (black spheres). (b) shows all of the Rx electrode
pairs (connected with blue lines) associated with a single Tx
(connected with the red line).

Given these high data misfits, extensive data QC analysis is
required. However, standard QC methodologies, which rely on
reciprocal measurements or pseudo-section analysis, are often
of little use for analyzing datasets of this type.

Many studies have shown that reciprocal measurements are
a valuable tool for assessing the noise levels of DC resistiv-
ity datasets and identifying noise contaminated measurements
(LaBrecque et al., 1996; Slater et al., 2000; Zhou and Dahlin,
2003; LaBrecque and Daily, 2008; Wilkinson et al., 2012).
However, reciprocal measurements are not always collected.
With large distributed array systems, reciprocal measurements
cannot be collected since the same electrode locations are not
used for the Tx and Rx. In other circumstances, limited bud-
gets and a desire to maximize the data content of the survey
prohibits the collection of a large number of reciprocal mea-
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(b) Normalized data misfit histogram

Figure 3: (a) The normalized misfit curve for the initial in-
version which plateaus 2 orders of magnitude above the target
misfit of 1. (b) A histogram showing the distribution of indi-
vidual normalized data misfits. The large proportion of data
with normalized misfits around 20 indicates that the data are
fit very poorly by the initial inversion model.

surements. If a dataset lacks sufficient reciprocal measure-
ments, other methods must be employed to estimate uncertain-
ties and identify spurious data.

Pseudo-sections of the apparent resistivity are also commonly
used to identify noise contaminated data which may be associ-
ated with a specific electrode (Edwards, 1977; Deceuster et al.,
2013). Spurious data can be identified by small, anomalous re-
gions of high or low apparent resistivity in otherwise smoothly
varying pseudo-sections (Loke, 2000). Pseudo-sections can
only be plotted for 2D datasets or conventional 3D surveys that
can be decomposed into 2D profiles (Auken et al., 2006). Plot-
ting 3D pseudo-sections associated with large, non-conventional
3D datasets is not straight-forward or meaningful. Data with
very different electrode geometries can plot in similar loca-
tions making it difficult to identify patterns associated with
specific electrodes or other sources noise sources.

Due to the limitations of standard QC methodologies, we de-
veloped a new methodology which combines a manual search
for correlations between high misfit data and various survey
parameters with statical analysis and classification tools to iden-
tify and characterize highly noise contaminated and inconsis-
tent data. Boxplots, SVD analysis, and k-Means clustering
(MacQueen, 1967) are used to semi-automate this procedure
and reduce subjectivity.

METHODOLGY
In order to form a reliable subset of data for inversion, de-
velop a meaningful noise model, and identify the key sources
of noise, the field data was analyzed using the following 4-
stage data QC methodology.

• Stage I: Perform a manual search to identify possible
noise sources and select data subsets worthy of further
analysis.
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• Stage II: Use data clustering analysis to identify and
deal with highly contaminated and inconsistent data.

• Stage III: Recombine clusters from individual subsets
and check for inter-cluster consistency.

• Stage IV: Recombine data subsets to form a single inversion-
ready dataset and check for inter-subset consistency.

Stage I: Manual Search for Possible Noise Sources
In the first stage, we manually analyze the data to gain a bet-
ter understanding of the dataset and identify possible noise
sources. Checks are completed to assess the impact of dis-
cretization errors, electrode location errors (Oldenborger et al.,
2005), and electrode polarization effects (Dahlin, 2000; Mer-
riam, 2005). Sorted plots of various survey parameters are use-
ful in identifying unusual correlations between specific survey
parameters and high misfit data. Some useful parameters to
plot include: VMN , VAB, I, PAB, RAB, ρa, electrode Ids, elec-
trode separation distances, and timing variables. This type of
graphical multivariate analysis is challenging since there are
many parameter spaces to explore. We use SVD analysis of
indicator matrices (which identify those electrodes or cables
utilized by each measurement) and boxplots (which show the
distribution of normalized data misfits associated with each
electrode) to characterize electrical noise due to instrumen-
tation problems or infrastructure. Based on the extent of the
contamination, some subsets of the data are discarded at this
stage while those which warrant further analysis are passed to
Stage II.

Stage II: Cluster Analysis
In Stage II, each of the data subsets which passed Stage I are
clustered using a k-Means clustering algorithm (MacQueen,
1967). By clustering the data based upon diagnostic survey
parameters, correlations are identified and clusters containing
noisy data are isolated. Each of the clusters are then inverted
independently. We use boxplots to examine the distribution
of survey parameters in each cluster. The self-consistency of
data in each cluster is assessed based on the distribution of
normalized misfits. Characteristic noise signatures identified
in Stage I are used to classify the type of noise contaminating
the high misfit clusters. Clusters are placed in one of three
categories that follow and are dealt with as indicated by the
bracketed text.

• Self-consistent data: Low normalized misfits (Set aside
for Stage III)

• Questionable data: Moderate normalized misfits (Iter-
atively re-cluster)

• Inconsistent data: High normalized misfits (Discard or
adjust uncertainties)

This process creates a cluster tree (Figure 4) as we further sub-
divide the dataset and identify self-consistent clusters. The it-
erative clustering continues until all clusters associated with
a particular data subset have been analyzed. We proceed to
Stage III once all of the subsets have been analyzed.

Stage III: Recombine Verified Clusters From Each Subset
In Stage III all of the verified clusters (i.e. checked clusters

Figure 4: A hypothetical cluster tree diagram showing the self-
consistent clusters with a check and the inconsistent clusters
with a X. Each color denotes a cluster and its possible sub-
clusters.

in Figure 4) from each subset are recombined and re-inverted.
If high misfit issues persist, cluster analysis is iteratively per-
formed on the recombined subset to deal with any inter-cluster
inconsistencies.

Stage IV: Recombine Verified Subsets
In the final stage of the data QC process, we recombine the
verified subsets from Stage III to form a single dataset for in-
version and interpretation. As in Stage III, cluster analysis is
performed to deal with any inter-subset inconsistencies if high
misfit problems persist after inverting the recombined dataset.

RESULTS
Through the use of boxplots and SVD analysis in Stage I, cur-
rent leakages within the cables and/or connecting boxes were
determined to be the primary source of electrical noise. Al-
though both cables are affected, contamination from current
leakages is more prevalent within Cable 1 than Cable 2. The
analysis also identified 2 troublesome electrodes which are
consistently associated with high misfit data. After splitting
the dataset into subsets based on the cables that Tx and Rx
electrodes were connected to, Stages II-IV were completed to
select a reliable subset of the data for inversion. Only 25,397
(27%) of the data were retained due to the highly contaminated
nature of the dataset.

Unlike the diffuse and blurry conductive anomalies in the cen-
tral region of the initial inversion model (Figure 5(a)), the post-
QC model (Figure 5(b)) shows 6 notable conductive anoma-
lies which we label A-F. These conductive anomalies correlate
well with regions where water was observed within the mine.
Figure 6 shows that the post-QC model does a much better job
of fitting the observed data than the initial inversion of the full
dataset.

Anomaly A closely follows an old section of tunnel, whose lo-
cation is marked by the black lines in Figure 5(b). This old sec-
tion of tunnel was sealed with concrete at its southern end but
is likely still full of brine. Brine is likely leaking downwards
into the mine in the vicinity of anomalies A and B. Once it is
through the Second Red Bed the water enters a network of old
mine workings and dissolution conduits, and collects in the re-
gion around anomalies D-F. Here, standing water accumulates
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and slowly seeps downwards, creating conductive anomalies
which extend downward from the level of the mine workings.
Anomaly C marks another region where water may be seeping
into the mine from the aquifer above.
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Figure 5: Depth sections from the initial inversion model(a)
where the full dataset was used, and the post-QC inversion
model(b). Electrode locations are marked by black dots. Thin
black lines through the central portion of the model show the
outline of an old tunnel which was sealed off. Locations where
water is likely seeping down into the salt from the aquifer
above are indicated using the

⊕
symbol. Conductive anoma-

lies of interest are labeled A-F.

CONCLUSIONS
The results clearly show that our data QC methodology is an
effective tool for identifying and dealing with highly noise
contaminated or inconsistent data within large, non-conventional
DC resistivity datasets. Despite the highly contaminated na-
ture of the field dataset analyzed, we are able to identify a sub-
set of reliable data for inversion and obtain an interpretable
recovered model. Through our analysis, we identified current
leakages as the primary source of noise and characterized their
signature within the data. In the later stages, k-means cluster-
ing was used to semi-automate the process and reduced sub-
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Figure 6: Normalized data misfit curves from the initial in-
version and the post-QC inversion. While the initial inversion
struggles to fit the observed data the inversion of the post-QC
data subset reached target misfit after 10 iterations.

jectivity in trying to differentiate between reliable and highly
noise contaminated data.

Further testing using synthetic examples has shown that this
data QC methodology is capable of removing contaminated
data from a variety of different simulated noise sources. Al-
though applications presented here focus on DC resistivity data,
this QC methodology could easily be adapted to analyze other
types of geophysical field data.
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