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ARTICLE INFO ABSTRACT

Handling Editor: Prof Raf Dewil The increasing need to find alternative stocks of critical raw materials drives to revisit the residues generated
during the former production of mineral and metallic raw materials. Geophysical methods contribute to the
sustainable characterization of metallurgical residues inferring on their composition, zonation and volume(s)
estimation. Nevertheless, more quantitative approaches are needed to link geochemical or mineralogical analyses
with the geophysical data. In this contribution, we describe a methodology that integrates geochemical and
geophysical laboratory measurements to interpret geophysical field data solving a classification problem. The
final aim is to estimate volume(s) of different types of materials to assess the potential resource recovery. We
illustrate this methodology with a slag heap composed of residues from a former iron and steel factory. First, we
carried out a 3D field acquisition using electrical resistivity tomography (ERT) and induced polarization (IP),
based on which, a sampling survey was designed. We conducted laboratory measurements of ERT, IP, spectral
induced polarization (SIP), and X-ray fluorescence analysis, based on which, 4 groups of different chemical
composition were identified. Then we carried out a 3D probabilistic classification of the field data, based on 2D
kernel density estimators (for each group) fitted to the inverted data collocated with the samples. The estimated
volumes based on the classification model were: 4.17 x 10° m® + 12 %, 1.888 x 10° m®+12 %, 59.4 x 10° m®
+ 19 %, and 2.30 x 10* m® + 21% for the groups ordered with an increasing metallic content. The uncertainty
ranges were derived from comparing the volumes with and without considering the probabilities associated to
the classification. We found that a representative sampling and the definition of the KDE bandwidths are defining
elements in the classification and ultimately the estimation of volumes. This methodology is suitable to quan-
titatively interpret geophysical data in terms of the geochemical composition of the materials, integrating un-
certainties both in the classification and the estimation of volumes. Furthermore, several crucial elements in the
investigation of metallurgical residues could be applied in a real case study, e.g., geophysical field acquisition,
sampling and lab measurements.
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(Zibret et al., 2020) and highlights the need to explore alternative ma-
terial sources.

Past mining and metallurgical sites offer an opportunity to mitigate
this situation if we are able to assess the potential recovery of buried

1. Introduction

Former mining and metallurgical activities are often associated with
the long-term contamination in soils, lakes, and estuarine sediments

among others, which may be detectable even centuries after the end of
activities on site (Martinez Cortizas et al., 2016; Asare and Afriyie,
2021). Simultaneously, the recent need of raw materials, metals and
minerals, emphasizes the challenges faced by the mining industry
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mine or metallurgical materials treated as waste, since mineral pro-
cessing and metallurgical treatments were not as efficient as they are
nowadays. What was considered as metalliferous wastes (dusts, slags,
tailings, etc.) can therefore still contain valuable materials. Primarily,
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these residues may still contain valuable ferrous and non-ferrous metals,
rare earth elements and other critical raw materials (Sethurajan et al.,
2018) and ultimately, they could be reprocessed and used in the con-
struction industry (Machiels et al., 2022) as aggregates or for cement.
Therefore, remediation strategies that aim to prevent or reduce the
release of pollutants into the environment and reduce waste volumes can
also be targeted to enhance secondary resource recovery (Izydorczyk
et al., 2021; Vareda et al., 2019). To exploit such resources efficiently, it
is crucial to have in-depth knowledge on the available quantities,
composition, heterogeneity, and physical and chemical properties
(Asare and Afriyie, 2021; Dino et al., 2021; Zibret et al., 2020).

Geophysical methods have proven useful to characterize metallur-
gical wastes and associated contamination. For example, electromag-
netic induction (EMI) and electrical resistivity tomography (ERT) have
been used to identify waste dumps from lead and silver production and
to estimate volumes (Martin et al., 2020; Mendecki et al., 2020), qual-
itatively validated with optimized sampling (e.g., boreholes, pits). Other
types of slags may not be easily detected using only ERT as indicated in
Florsch et al. (2011, 2012), who used additionally magnetometry and
induced polarization (IP) to estimate the volume of a slag heap from iron
and steel production. The volume was estimated using a
laboratory-derived linear relationship between the chargeability and the
slag concentration.

Note that comprehensive characterizations such as mineral or
metallurgical zonation, may require integrated approaches to link
geophysical measurements in the field and/or in the laboratory with
optimized sampling and metallurgical or geochemical analysis (Van De
Vijver et al., 2021). For example, Lévy et al. (2019) qualitatively
compare inverted spectral parameters from time domain 2D IP-ERT field
data with in situ borehole measurements, mineral distribution analysis
and SIP laboratory measurements to study the lithology and mineral
composition of a geothermal area. The methodology allowed to
discriminate between zones rich in pyrite from those zones with iron
oxides (magnetite-rich). Johansson et al. (2020) compared inverted SIP
parameters from time-domain IP field data with SIP from laboratory
measurements from a 50 m long rock core drilled along one field profile.
The study was carried out on a limestone succession and the solid parts
of the core were used for the analysis of physicochemical characteristics
of the rocks in the laboratory, based on which, the geophysical data were
interpreted. The results showed that the inverted parameters of the field
data (closer to the borehole) were comparable to the SIP lab measure-
ments despite the differences in measurements techniques and scale.

More quantitative techniques to ultimately interpret field data
considering the link between laboratory and field measurements,
include data classification and machine learning algorithms. For
example, Vasconez-Maza et al. (2019) predicted the distribution of
chromium in an abandoned phosphogypsum pond through a classifica-
tion of ERT field data. The authors used a non-linear relationship be-
tween the concentration of chromium measured in the lab and the
inverted field resistivity collocated with the samples’ positions. More
recently, (Martin et al., 2021) investigated slags from different historical
dumps derived from processing of metal ores. The authors measured SIP
in the laboratory and carried out geochemical and mineralogical ana-
lyses in samples collected at maximum depths of 0.5 m. In the field, they
collected two 2D SIP profiles with a limited bandwidth. Three slags
grades could be identified in the laboratory and in the field based on the
polarization magnitude. Additionally, the slags could be classified in five
categories according to the shape of their spectra which could reflect the
diversity of environmental parameters such as saturation or fluid con-
ductivity. For machine learning applications, Zhang et al. (2023) map-
ped a mine tailing pong using an unmanned aerial vehicle with a
hyperspectral sensor, and collected 74 soil samples in which copper and
organic content were measured. A simulated annealing deep neural
network was then used to predict the available copper/organic matter
from the hyperspectral data.

In this contribution, we propose a quantitative approach to integrate
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laboratory and field measurements to perform a 3D classification within
a slag heap in a probabilistic manner. The main objective is to define a
zonation based on chemical composition and to estimate the volumes of
different materials within the slag heap for potential resource recovery.
To this aim, we followed a quantitative approach that integrates: 1) 3D
ERT and IP measurements in the field, 2) a targeted sampling with
samples’ collection at 22 different positions in the heap, 3) laboratory
measurements of ERT, IP and SIP and 4) a chemical characterization of
samples through X-ray fluorescence (XRF) analysis. We used laboratory
measurements and chemical analysis to identify groups of samples of
different composition and properties. The identification of these clusters
was supported by studying the relationships between the chemical and
geophysical variables, an unsupervised clustering algorithm (hierar-
chical clustering), and a PCA analysis. Then, we linked the laboratory
with the field measurements by fitting the resistivity and chargeability
field data collocated with the sampling using 2D kernel density esti-
mation (KDE) functions for each previously defined group. Afterwards
we computed the joint conditional probabilities in the whole field
domain. Lastly, we classify the 3D inverted models in terms of the groups
and compute the corresponding volumes.

2. Site description

The site of Duferco — La Louviere, located in the Province of Hainaut
(Belgium), is an idled factory of iron and steel production that started its
activities around 1850 and officially stopped in 2013. The site evolved
and reached its final infrastructure in 1981, integrating elements such as
a coking plant, blast furnaces and agglomerations of by-products and
raw materials in the northeast zone (see Fig. 1a). In this contribution, we
study the storage of slags located in the northern zone of the site where
the backfilling started around 1930’s and comes from steel works and
blast furnaces. In the last decades of activity, the materials of the slag
heap were mostly produced from electric arc furnaces and in particular
from the ladle refining furnaces. These materials are typically rich in
lime and alumina. It is likely that the most recent layers in the western
area of the heap contain a mixture of residues (e.g., scrap metal, wood
and refractories).

3. Methodology

Fig. 2 shows the workflow of the methodology that integrates several
elements which are crucial in the investigation of metallurgical residues,
and that could be tested in the site of Duferco. It comprises geophysical
field measurements, based on which, a targeted sampling is designed
and samples are collected. Geophysical and geochemical laboratory
measurements are then carried out. Then, all the lab data are studied
through a statistical analysis where different groups or clusters repre-
senting distinct types of materials are identified. Finally, a probabilistic
classification is conducted in the whole field data domain and the vol-
umes of each group are estimated.

3.1. Field measurements and targeted sampling

First, we measured ERT and time-domain IP along four profiles
deployed across the entire slag heap and each profile was composed of
64 stainless electrodes spaced by 2 m (see Fig. 1b, blue dots). The
measurements were collected with an ABEM Terrameter LS — Guideline
Geo. Data acquisition was carried out simultaneously on combinations
of two profiles, with inline and crossline measurements, to obtain truly
3D information for the inversion (Van Hoorde et al., 2017). A gradient
array with a “s” factor equals to 7 was used (Dahlin and Zhou, 2006) and
it was complemented with a bipole-bipole acquisition. This 3D acqui-
sition was a tradeoff between the maximization of the heap’s coverage
and the spatial resolution. Electrical current was injected for 2 s and the
voltage decay was measured for 1.86 s after the current was switched
off. Two stacks (repetition error) and a sample of reciprocal
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Fig. 1. a) Map of Duferco -La Louviere with the different production and agglomeration zones, b) Location of the ERT-IP acquisition profiles (blue) and sampling plan

(pink) in the slag heap.
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Fig. 2. Methodology integrating several steps that are crucial in the investigations of metallurgical residues. It integrates 1) geophysical field measurements based on
which, 2) a targeted sampling is designed and samples are collected. 3) Geophysical and geochemical laboratory measurements are then carried out. Then, 4) all the
lab data are studied through a statistical analysis where different groups representing distinct types of materials are identified. Finally, 6) a probabilistic classification
is conducted in the whole field data domain and 7) the volumes of each group are estimated.

measurements were collected to assess data quality. Then, data were
filtered removing measurements with a repetition error greater than 5 %
in resistance. The error model from reciprocal measurements was to
0.029 Q and 2.27 % for the absolute and relative errors (Slater et al.,
2000). The data were inverted with BERT (Giinther et al., 2006) using a

robust constraint on the data and blocky constraint on the model to
derive 3D models of electrical resistivity and chargeability while
respecting the noise level (x? = 1).

Secondly, we designed a targeted sampling based on the contrasts
observed in the ERT and IP models, i.e., targeting zones of low,
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intermediate and high resistivity/chargeability values and covering
most of the (shallow) observed contrasts in the inverted models. Samples
were collected at 8 locations on the heap at depths of 1, 3 and 5 m (see
locations in Fig. 1b, pink dots). During the sampling we took approxi-
mately 10-15 kg of material in buckets that were sealed and stored in a
cold environment. The maximum depth of excavation was limited by the
terrain stability, the hardness of the soil and the machine used. Addi-
tionally, heterogeneous waste at one location impeded the collection of
material at two depths, therefore in this study we use 22 samples in total.
As will be explained in the results, based on the inverted models, we
assume that the 22 samples taken at different positions (x, y, z) captures
the variations of physical and chemical properties in the slag heap.

The identifiers we use to refer to the samples indicate its location
followed by an underscore and the depth of collection, i.e., SO1_3 is the
sample located at SO1 collected at 3 m.

3.2. Laboratory measurements

3.2.1. Geophysical data

The laboratory measurements were carried out using the samples as
they were collected in the field, i.e., no re-saturation, as the aim was to
measure their properties in the same conditions as in the field.
Geophysical measurements of resistivity (p jop) and chargeability (m,p)
were collected with an ABEM Terrameter LS — Guideline Geo, using
columns of 1.5 dm® (0.08 m diameter x 0.3 m length, see Fig. A Supp.
Mat.). The potential electrodes are made of brass and the current
transmission porous plates, which are in the bases of the cylinder, are
made of bronze.

First, the geometric factor KG was estimated based on the resistance
measured when the column was filled with water at a known conduc-
tivity (KG = 0.045 m™!). We then filled the columns with 1-1.5 kg of the
material of each sample. First, we measured the electrical resistance and
the time-domain chargeability using 4 electrodes with a Wenner array.
Electrical current was injected for 2 s and voltage decay was measured
for 1.86 s after switching the current off, as for the field data. Two stacks
were collected to have a repetition error which was <1 % in resistance
for all the samples.

Then we measured SIP in the same columns using the impedance
analyzer ZEL-2-SIP04-V05 (Zimmermann et al., 2008). The impedance
and phase shift were measured in the range of 10 mHz-45 kHz for the
reciprocal and normal setup, leading to a high phase accuracy of 0.1
mrad (below 1 kHz).

3.2.2. Granulometry and geochemical data

Geochemical analyses were conducted in the same volumes of sam-
ples as those used for the geophysical laboratory measurements. First,
each sample was sieved to determine the particle size distribution, by
separating and classifying the material with a series of square mesh
sieves of decreasing standardized size (NF P18-260). Then, the sub-
samples at the different particle sizes were analyzed using X-ray fluo-
rescence (XRF) for major elements (e.g., Fe, Si, Mn, Ca) using the S8
TIGER from Bruker. Finally, the average content over all particle sizes
was computed per element for each of the 22 samples. The average
content of only six elements was larger than 1 wt % for all samples: Si,
Ca, Fe, Mg, Al and Mn. The elements with the largest concentrations
were Si, Ca and Fe with average contents up to around 30 wt %.

XRD analyses were also carried out, however, there was an uniden-
tifiable amorphous phase that was relatively abundant (up to 60 wt% for
some samples) and which may still contain elements that cannot be
quantified with this method. Note that in a pyrometallurgical operation,
the slag floating on top of a molten metal bath is separated when it is still
in a semi-liquid or pasty state, and as it is rapidly cooled, it may not have
time to crystallize properly, resulting in amorphous phases.
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3.3. Multivariate statistics

The objective of this step is to identify groups of samples with
different chemical composition and simultaneously, to identify the
geophysical parameters that can distinguish these groups.

We used Pearson’s correlation to quantify the linearity between the
geophysical and geochemical parameters. As it has been reported pre-
viously, there is a linear relationship between the chargeability and the
volumetric concentration of metallic particles, observed both in nu-
merical simulations and experimental data (Florsch et al., 2011; Qi et al.,
2018; Revil et al., 2022). In addition, a linear relationship has also been
observed between the resistivity and the metallic concentration of ele-
ments such as Zn, Pb, Ni and Cu (Vasconez-Maza et al., 2021). Finally,
Pearson’s correlation coefficient allows also to test the direction of as-
sociation in the linear relationship (e.g., Das et al., 2023).

First, we studied the linear correlations between pairs of the chem-
ical elements constituting all the samples (average content) using the
python library of Pandas (Reback et al., 2020). We applied a standard-
ization of the data by removing the mean and scaling to unit variance
using scikit-learn (Pedregosa et al., 2011), and then we computed the
Pearson’ correlation coefficients. The standardization of the data allows
to compare the variations of the different variables using the same scale.
At this step we consider strong positive and negative correlations of
elements as a first indicator of different types of slags.

Afterwards, we computed the pairwise Pearson’ correlation co-
efficients between the geochemical variables and the geophysical vari-
ables measured both in the laboratory and in the field. The field
measurements were obtained from the inverted resistivity and charge-
ability models, computing an average of the cells within a volume of
dimensions 3 m x 3 m x 1.6 m centered at the positions where the
samples were collected, i.e., p and m. The correlations were also
computed using previously standardized data.

Furthermore, we studied the relation between the resistivity and the
chargeability measured in the laboratory, together with the concentra-
tion of some chemical elements with which the largest correlations were
observed, to identify groups or clusters of different composition. Simi-
larly, we analyzed the scatterplots of the imaginary and real components
of the conductivity measured in SIP.

Additionally, we carried out an unsupervised learning approach
(hierarchical clustering) to group the samples from the lab data and
compare it with the groups previously identified. Lastly, we applied PCA
to support the geophysical-geochemical-based definition of groups in
the principal component space, using the standardized geochemical and
geophysical data. These techniques were conducted using the python
library of scikit-learn (Pedregosa et al., 2011).

3.4. Classification of the field data

In the literature, we can find quantitative interpretations of inverted
geophysical data integrating ground truth data and which are based on
machine learning (Lysdahl et al., 2022; Moghadas and Badorreck, 2019;
Whiteley et al., 2021) and exclusively on statistics or probability theory
(Dewar and Knight, 2020; Hermans and Irving, 2017; Isunza Manrique
et al., 2023).

Here, we used a probabilistic approach to interpret the field data in
terms of the classes or groups previously identified using laboratory
measurements. Similar to Isunza Manrique et al. (2023), we derive joint
conditional probabilities of each identified group in the whole field
range, using the volume-averaged field data p and m collocated with the
sampling, but here, we use a different probability density function in 2D.
Note that variations of resistivity are not expected to be indicators of
different types of slags (Florsch et al., 2011) but potential indicators of
different types of materials within the heap, while a linear relationship
has been observed between the chargeability and slag concentration
(Florsch et al., 2011; Qi et al., 2018).

The kernel density estimator fxpg(y) at a point y based on a dataset of
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points x; for j = 1 ... N is defined as

froe(y) = ZK(Y —Xj3 h)

J=1

where K is the kernel and h is the bandwidth (Pedregosa et al., 2011).
First, we used 2D KDE’s to model the distributions of the volume-
averaged field data x; = (p,m); for each group A; (i=1 ... 4), using a
Gaussian kernel expressed as K«exp (— x2 /2h?). The bandwidth was
estimated using the data-based Scott’s Rule which considers the number
of data and dimension, and an estimate of the standard deviation of the
bivariate data distribution (Scott, 1992; Virtanen et al., 2020). Then, we
estimated the KDE’s functions at all the inverted resistivity values (P)
and chargeability values (M), i.e., whole field data domainy = (P, M), as

Jroe(Y|A:) = ZK(Y —x;3h)

Jj=

@

See Pedregosa et al. (2011). Afterwards we used Bayes’ rule and
computed the joint conditional probabilities P(A;]y) of each group. The
prior probability values P(A;) were estimated from the number of lab
samples belonging to each group.

Each grid cell of the inversion is then classified in the group having
the largest joint conditional probability, while the probability itself
gives an idea of the uncertainty of the classification.

3.5. Estimation of volumes

Once the inverted model is interpreted in terms of groups or classes,
we estimate the volumes of each group according to the corresponding
cells’ mesh using the python library of PyVista (Sullivan and Kaszynski,
2019). As each cell has been classified on the basis of a joint conditional
probability, groups selected as the most likely class that have low
probability values can be overestimated while groups with smaller
probabilities can be underestimated. To integrate this classification
uncertainty into account, we estimate the volume of each group V; by
adding the volume of the corresponding cell v, weighted with the cor-
responding value of joint conditional probability P(A;|y) as
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n

Vi=> P(Aly)v

J=1

(2)

See Canters (1997). Then, by comparing the probability weighted
volumes with the volumes estimated without considering associated
probabilities, we could derive uncertainty ranges for the volume of each
group.

4. Results
4.1. Inverted ERT and IP models and sampling

The inverted models are displayed in Fig. 3 for several cross-sections
along the x and y axis. These include a (normalized) cumulative sensi-
tivity threshold (>107>%) to keep only parts of models that are suffi-
ciently well covered (Caterina et al., 2013). The sensitivity model is
shown in Figure B of Supp. Mat. We selected this threshold to ensure that
the areas in the vicinity of the electrodes were considered (laterally) and
additionally, it led to include bottom elevations that have been reported
as the original topography before the activities in the factory (approxi-
mately 110-115 m). In Fig. 3a we can note, overall, zones of larger re-
sistivities towards the east and west end of the heap. Smaller resistivity
values can be observed downhill of the heap (towards the west) at larger
depths. In the chargeability model (Fig. 3b) we can observe shallow
layers of large chargeability values and in particular a large zone which
is distributed southeast- northwest with values up to 250 mV/V.

Based on the inverted models, the targeted sampling was composed
of 22 samples collected at 8 different locations of the heap and at
different depths of 1, 3 and 5 m (Fig. 1b and 3). Most of the samples were
slags of similar color and structure except samples S04_5 and S05_3
which were mostly crushed bricks (see Figure C, Supp. Mat.).

The sampling survey targeted different zones of the inverted models,
e.g., high and low values of resistivity and chargeability, combinations
of large/low chargeability values and large/low resistivity values.
Therefore, we assume that the collection of 22 samples taken at different
positions (x, y, z) captures the variations of physical and chemical
properties in the slag heap. In particular, note that the sharpest contrasts
in the inverted models of resistivity and chargeability are in the shal-
lowest zones. Then, we assume that the calibration of geophysical data

Q)

o)

. Chcrgecikg_llsl‘ry (mV/V)é2 g

250.

Fig. 3. 3D inverted models of a) resistivity and b) chargeability. Electrodes used in the acquisitions are shown in the heap ground surface as small salmon dots.

Sampling location is indicated with the pink spheres.
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with ground truth data observed at the first 5 m of the heap, can be
extrapolated at larger depths, although the sensitivity and discrimi-
nating ability of ERT/IP decreases (Hermans and Irving, 2017; [sunza
Manrique et al., 2023).

4.2. Laboratory measurements

4.2.1. ERT, IP and SIP data

Fig. 4a and b shows the laboratory measurements of resistivity and
chargeability respectively. Most of the samples present similar ranges of
resistivity (p 1ap) with slight variations with depth, except for samples
S04 and S08, which present an increase and strong decrease of p with
depth respectively. In terms of chargeability (mjap), samples S06 and S02
present the largest values while sample S05 has mjap < 10 mV/V. Overall
no tendency is observed for the variations of chargeability with depth.

Fig. 4 also shows an overview of the SIP measurements through the
magnitude of the resistivity |p| (Fig. 4c), the real and imaginary com-
ponents of the conductivity, ¢ and ¢ (Fig. 4e and f), and the phase ¢
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(Fig. 4d). We also included the SIP spectra of a water bearing column.
Note that ¢ increase with the frequency and 2 displays a peak for most
of the samples. In terms of the phase, we found that most of the samples
are characterized by a peak of varying magnitudes, centered at around 1
Hz. This behavior has been reported before in iron slags (e.g., Florsch
et al.,, 2011). S06 and SO2 present the largest polarization magnitude
through ¢ similar to the displayed largest chargeability.

4.2.2. Granulometry and XRF analysis

We compared the mass distribution of the samples at several size
particles, from 65 pm to 40 mm, with the concentration of different
elements (Fig. D, Supp. Mat.). On average, we observed that the mass of
all samples was slightly higher in the particle sizes of 65 pym and from 10
to 40 mm. Note that in pyrometallurgical operations the slag forms
megaliths that gradually break up in the ground because of erosion,
which can explain the wide particle size distribution but similar chem-
ical composition.

In terms of elements distribution, we noted that the calcium was
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Fig. 4. Geophysical lab measurement of ERT, IP and SIP. First, we present the measurements of a) resistivity and b) chargeability. Each sample is plotted with their
corresponding sampling depths at 1, 3 and 5 m, which are represented with a circle, square and triangle respectively. Then, an overview of SIP spectra is presented for
some samples and a column filled with water. For clarity we only plot the spectra of eight samples, each at one location (x, y) and different depths. The image
presents the ¢) magnitude of resistivity, d) phase, e) real component of complex conductivity and f) imaginary component of the complex conductivity.
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distributed homogeneously in all the particle sizes for most of the sub-
samples although on average, the largest Ca concentration is observed in
the particles of 10 mm. Secondly, the largest iron concentrations could
be observed at the particle sizes >1 mm and the same pattern was
observed for Mn. Lastly, only three samples presented larger concen-
trations of silicon, which was homogeneously distributed over all par-
ticle sizes.

4.3. Multivariate statistical analysis

4.3.1. Geochemical variables

Focusing on the elements with the largest weight concentrations (Si,
Ca and Fe), we observed that Fe is largely correlated with Cr, V and Mn
and negatively correlated with Al. Ca presents strong positive correla-
tions with Sr and Mn, and negative correlations with Si, Ti and K. Si on
the other hand, is largely correlated with Ti, K and Al and negatively
correlated with Ca and Mn. This may indicate that the Fe group has a low
concentration of Al and the Si group may have a low Ca content. Finally,
note that some elements do not have pairwise strong correlations nor
correlations with the elements above mentioned, these are Ni, Cu, S and
Zn. The Pearson’s correlation matrix between pairs of chemical elements
concentrations is presented in Supp. material, Figure E.

4.3.2. Geochemical, lab-based and field-based geophysical variables

Fig. 5 includes correlations between 1) the chemical elements which
are considered indicators of different types of slags, see section above, 2)
resistivity and chargeability laboratory measurements indicated as piap
and myyp, see section 3.2.1, 3) the SIP measurements, specifically, the
values of the real and imaginary components of the conductivity and the
maximum magnitude of the phase observed at the polarization peak, as

well as the frequency of the phase peak or critical frequency, i.e., 6,,4.

a;mk, |#pea| and fpear respectively, and 4) the values of resistivity p and
chargeability m of the 3D inverted models (volume-averaged values
centered at the sampling location). The yellow squares indicate the el-
ements which are part of the critical raw material list of EU for 2023
(Grohol et al., 2023).

First, we can note that the measurements of resistivity in the lab
(p1ap) and in the field (p) present strong correlations (>0.7) with the Si
group previously identified. Then, the values of my,;, present large cor-
relation with the Fe group with Fe (0.65), Mn (0.84), V (0.93) and Cr
(0.82), while the values of chargeability from the field present a large

Ti 067 | -052 | 083 | -041
cr 6 m -055 | 083 | 0
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peal
fpeak
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correlation coefficient only with V. Regarding the SIP parameters, we

did not observe correlations between Oped

ments, but large coefficients were observed between |<ppeak| and the Fe
group: Fe (0.75), Mn (0.83), V (0.93) and Cr (0.74). Lastly, there were no
strong correlations between the SIP parameters and the concentrations
of chemical elements in addition to those observed with myap.

As noted before, the values of pjp and p present a strong positive
correlation with the elements of the Si group (Si-Ti-K). Additionally,
myap and m presented high correlations with the chemical elements of the
group Fe, in particular my,p, probably due to the sensed volume. The
comparison between laboratory and field measurements, shows strong
positive correlations (0.72) between pjp - p and myap — m, which in-
tegrates the different sampled volume and the field and lab conditions.
The discrepancy gives an idea of the scale and inversion effects on the
validity of laboratory-derived petrophysical relationships (e.g., Benoit
et al.,, 2019). In terms of the SIP parameters, note that there is a corre-
lation of 0.82 between the imaginary and real components of the con-
ductivity, which is a behavior that has been observed for several
materials (Flores-Orozco et al., 2020). Although it is expected that the
relaxation frequency is correlated with the particle size, this was not
observed (results not presented here). Note that the samples do not have
a predominant particle size (see section 3.2.2) which may explains the
broad peaks in the phase spectra. Here, we included fpeqx in the corre-
lation matrix to study if variations in the composition of the slags could
be discriminated through peak shifts in the phase spectra. However, no
strong correlations were obtained with the geochemical variables.

There were two analyses that are not included in the correlation
matrix of Fig. 5. First, we studied the correlations between the positions
at which the samples were collected (x, y, z) and the geochemical and
geophysical variables, however, no relations were found. This means
that there are no preferential zones of similar composition within the
heap (laterally nor vertically at least at the sampling resolution used
here). Additionally, we fitted a double Cole-Cole model (Cole and Cole,
1941; Pelton et al., 1978) to the SIP phase spectra and studied the cor-
relations between the spectral parameters (i.e., m, 7, p) and the
geochemical variables to determine its ability to resolve composition
variations. Nevertheless, no additional correlations were found, in
addition to the complex conductivity parameters presented here.

In the following, we analyze the scatterplots of the p,p, - myap together
with the concentration of some chemical elements with which the
largest correlations were observed (i.e., Fe, Si and Mn) to identify groups

k TIOT Oy and chemical ele-
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Fig. 5. Matrix of Pearson’s correlation coefficients using some geochemical variables and geophysical variables. Yellow squares indicate the critical raw materials of

the EU 2023.
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or clusters of different composition. For comparison with the complex
conductivities from SIP we will work with the conductivities o1, (1/
p1ab)- These scatterplots are displayed in Fig. 6a—c, with colorbars rep-
resenting the average content of Mn, Fe and Si. We showed these ele-
ments due to the large correlations observed with the geophysical
properties in Fig. 5 and their average concentration >1 wt%. First, we
can note that the samples S04_5 and S05_3 can be identified with small
chargeability values and small conductivities as well as large values of Si
(likely to belong to the Si group mentioned in section 3.1.1). The
remaining samples present intermediate to large concentrations of Fe
and Mn and a small content of Si. Within this group, three clusters are
observed. A cluster with the samples of largest chargeability and con-
ductivity values (i.e., S02_3, S02_5, S06_1, S06_3, S06_5); another cluster
with values mp,p < 70 mV/V and intermediate Fe-Mn content, i.e.,
S01_1, S01_3, SO1_5, S03_1, S03_3, S03_5, S04_1, S04_3, S07_1, S07_3,
S07_5, S08_5; lastly, a small cluster with my,, > 70 mV/V, i.e., S02_1,
S08_1, S08_3 (see Table 1). Nonetheless, the boundary of the last two
groups is not clear as large concentrations of Fe-Mn can be observed for
broad ranges of conductivities.

For comparison, we also analyzed the crossplots of 6,4 Vs 6,4 and

eal
the average concentration of Mn and Fe (Fig. 6d-e). Similar to the ERT/
IP measurements we can also observe that the samples attributed to
Group 1 present the smallest values of a;mk and have low concentrations
of Mn and Fe. Then, we can observe that the samples constituting groups
2, 3 and 4 are distributed along different linear relations a;mk— U;Jeak as
shown through the fittings of linear models displayed in Fig. 6d—e. We
computed the coefficient of determination of these regressions and ob-
tained R? = 0.98, R? = 0.93, and R? = 0.85 for the linear fittings in
Group 2, 3 and 4 respectively. This supports the definition of the four
groups and the attributed samples, as each of these linear models may
represent different types of materials (through different phases,
@~ G / o).

Afterwards, we carried out an unsupervised learning approach to

200 200
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Table 1
Samples identified in each group from chemical analysis and geophysical lab
measurements.

Group Samples Olab Myap, Dominant
identifier (mS/ (mV/ concentration
m) V)

Group 1 S04.5, S05_3 <20 <20 Si

Group 2 S02_3, 502_5, S06_1, S06_3, >20 >100 Fe-Mn
S06_5

Group 3 S01_1,S01_3,S01.5,S03_1, >14 <90 Intermediate
S03_3, S03_5, S04_1, S04_3, >20 Fe-Mn
S07_1, S07_3, S07_5, S08_5

Group 4 S02_1, S08_1, S08_3 <25 >70 Intermediate

Fe-Mn

group the samples from the time-domain lab measurements. Note that
previous grouping was done integrating geochemical data while this
approach only used geophysical parameters and can be obtained
without samples. We applied a hierarchical clustering to previously
standardized data, assuming four clusters and a single linkage as the
metric criteria, i.e., minimizes distance between the closest observations
of clusters pairs (Pedregosa et al., 2011). The results show that the
clustering and the previous geophysical-geochemical grouping (Table 1)
converge to similar group identification, which validates the proposed
grouping. However, as the clustering minimizes the distance between
the closest observations of pairs of groups, it can be sensitive to the
initial model or the initial number of clusters (see Figure F, Supp. Mat.).

4.3.3. Principal component analysis (PCA)

We applied PCA to the previously standardized geochemical and
geophysical data shown in the correlation matrix of Fig. 5. The first three
principal components (PC’s) represent a variance of 55.35 %, 15 % and
10.22 % respectively, which add up to around 80 % of the total data
variance.

First, we investigated how the samples (and clusters previously
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observed) were distributed in the PC’s space (Fig. 7a-b). Focusing on the
plot of PC2 vs PCl, we can again identify samples S04_5 and S05_3
(Group 1) as outliers which largely represent the data variance along
PC1. Then, the samples with the largest values in the PC2 axis agree with
the samples of largest chargeability and conductivity measurements
(Group 2). In contrast, the samples with the smallest values in the PC2
axis constitute Group 3 and intermediate values in the PC2 axis corre-
spond to Group 4. Overall, we can note that there are no overlaps of
groups’ samples.

Additionally, we computed the linear correlations between the PC’s
and the original variables using the correlation circles (Fig. 7c—e) for the
first three PC’s. Squared loadings are additionally presented in Supp.
Mat. (Figure G). Note that PC1 presents strong correlations with most of
the variables, e.g., positive large correlation with Si, Al, p,,;, p and
negative correlations with Fe, Ca, Mn, myqp, (ppeak|. PC2 is predominantly
related to the field resistivity and chargeability although the correlation
coefficients with all variables are overall low. Lastly, PC3 is mainly

related to the laboratory measurements of complex conductivity (o;;eak;

a/peak; freax) with which it is strongly correlated.

4.4. KDE'’s and probabilistic classification of field data

For visualization, we computed the 2D KDE’s at a regular grid in the
range of the inverted resistivity and chargeability models, based on the
functions fitted with the volume-averaged field data (see Fig. 8a-d). The
bandwidth of each group was estimated using Scott’s rule. However, as
the data distribution of Group 1 was oversmoothed, we decreased h from
0.56 to 0.3. On the other hand, the distribution of Group 3 was strongly
influenced by the outliers, therefore, we slightly increased h from 0.19 to
0.3. This allowed to smooth the estimates increasing the covariance of
the data distribution. In addition, these values of h led to classification
results which are overall in line with the proportion of the groups 1-3
(or prior probabilities).

Then, we computed the 2D KDE’s fxpg(y|A;) (see Eq. (1)) and the joint
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conditional probabilities P(A;|y) at the whole field data domain, for each
group. The prior probability values P(A;) were estimated from the
number of lab samples belonging to each group, these are 9%, 22 %, 54
% and 13 % for groups 1-4 respectively.

Fig. 8e—f also shows the classification of the field data, based on the
largest joint conditional probabilities, as well as the volume-averaged
field data (p, m) from which the 2D KDE’s were built. In Fig. 8e the
maximum transparencies represent the smallest probabilities of 33 %
and in Fig. 8f we plot only the data with probability values larger than
50 %. Note that the smallest probabilities of classification are distributed
in the boundaries of the groups.

4.5. Estimation of volumes

Fig. 9a-b shows the classification of the data along the same sections
displayed before for the inverted models and the corresponding joint
conditional probabilities with which each group or class was assigned.
The maximum probability values are 1, 0.95, 1 and 0.85 for groups 1-4
while the minimum value with which the groups were selected was
around 0.3.

Fig. 9c—f shows the volumes of each group. Comparing the proba-
bility weighted volumes (see Eq. (2)) with the volumes estimated
without considering associated the probabilities, the estimated volumes
with uncertainty ranges are reported in Table 2.

As indicated in Table 2, the volume of Group 1 represents the mi-
nority of the heap and it is mostly composed of Si, Ti and K (largely
construction and demolition residues). The material of Group 2 is mostly
concentrated on the east of the heap and scattered deposits distributed
westwards. The material in this category presents the largest concen-
trations of Mn, Fe, V and Cr and it represents the most interesting vol-
ume for potential recovery. Then, the volume of Group 3 represents most
of the slag heap material and it is distributed along the whole heap.
Lastly, the intermediate volume of Group 4 is concentrated in the east of
the heap and has scattered deposits westwards of the heap. As
mentioned before, Groups 3 and 4 present very similar geophysical and
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in boundaries of groups 2-4 and 1-2.

geochemical properties, yet the chargeability measured in samples of
Group 4 are slightly larger than the ones in Group 3. Furthermore, the
elements of Group 4 present in general, a larger concentration of Mn and
possibly a larger concentration of quicklime (due to the strong correla-
tion Mn—Ca). Due to the relatively low iron concentration in groups 3
and 4, these volumes can be potentially reused for road construction.

5. Discussion

The integrated methodology we followed seems suitable to quanti-
tatively interpret geophysical field data using a probabilistic classifica-
tion, according to a physics-based clustering from lab data. In the
following, we describe the findings and limitations of the elements of

10

this methodology.

For the measurements in the field, geoelectric methods have proved
useful to derive insights into the composition of metallurgical deposits,
even in intermediate-to-low concentrations of metals. As in practice,
field acquisitions are tailored to be cost and time-efficient, ERT and
time-domain IP represent suitable methods to be used in the field for a
“rapid” investigation of metallurgical deposits (Martinez et al., 2019;
Rey et al., 2021; Vasconez-Maza et al., 2021), in comparison with SIP
field measurements which are still challenging. Electromagnetic and
magnetic methods can also be used at this step. Nonetheless, deriving
more accurate inverted models may require a previous data calibration
for the electromagnetic method (Lavoué et al., 2010; Fraga et al., 2019)
and in the case of magnetometry, both modelling and inversion can be
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Fig. 9. a) Classification of the field data. Transparency along the sections represent the resulting probability values. b) Joint conditional probability sections. Both
images integrate the sensitivity threshold (>107>°). We also show the estimated volumes of c) group 1, d) group 2, e) group 3 and f) group 4.

Table 2
Estimated volumes for each group including uncertainty range, chemical
composition and metallic concentration mostly based on Fe and Mn content.

Groups  Volume Group composition  Metallic concentration
1 417 x 10° m® + 12% Si-Ti-K Low

2 2.30 x 10*m® + 21% Fe-Mn-V—Cr High

3 1.888 x 10°m®+12%  Fe-Mn-V-Cr Low-intermediate

4 59.4 x 10°m®*+19%  Fe-Mn-V-Cr Intermediate- large

Note that these volumes exclude the cells of the inverted models where the
sensitivity is less than 107>, resulting in a total heap’s volume of 275.4 x 10®
m® + 9%.

challenging in these anthropogenic environments (Vollprecht et al.,
2019).

Second, the targeted sampling was designed to cover most of the
lateral and vertical (shallow) variations of the inverted models.

11

Therefore, here we assume that the 22 samples collected at different
positions (x, y, ) represent ground truth data enough to capture the
physical and chemical properties of the slag heap overall. Note that in
the literature we can find sampling to be challenging and often samples
are collected at surface, at several sites and/or at few locations (x, y)
(Inzoli et al., 2016; Martin et al., 2021; Florsch et al., 2011). Few
available samples may not represent the lateral nor vertical heteroge-
neity of the waste deposit, and consequently the resulting classification
of the field data may only be valid in the vicinity of the samples
positions.

Both geophysical laboratory measurements and geochemical anal-
ysis could show a variation in the samples. Overall, resistivity mea-
surements were useful to identify different types of materials (slags and
crushed bricks) and chargeability measurements could additionally
resolve between different types of slags. SIP measurements support these
findings with a varying phase magnitude as indicator of different types
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of slags, which is not observed in the residues with crushed bricks. At
this step, additional lab measurements can be carried out to better define
the groups of samples, e.g., magnetic susceptibility. More detailed
chemical analysis can be also conducted, based on which the field data
can be ultimately interpreted.

Regarding the multivariate statistical analysis, first, we distinguished
chemical elements of interest and inferred the composition of different
types of slags through the correlation study of the elements’ concen-
trations. Then, in the correlation study between geochemical and
geophysical variables we identified the geophysical parameters that
resolved variations of the chemical elements. We observed a linear
relation between my,, and the concentrations of Fe, Mn, V and Cr -
similar as in Florsch et al. (2011)- and also strong correlations between
plab and Si, K and Ti. In terms of SIP parameters, the amplitude of the
phase at the frequency peak |€0peak| also presented a strong correlation
with the Fe, Mn, V and Cr content. In the correlation matrix we also
included the field measurements of resistivity and chargeability. While
the resistivity values presented strong correlations with Si, Ca and Ti (as
observed for the laboratory measurements) the chargeability was core-
lated only with vanadium. Furthermore, the correlations of pjy, — p and
myap — m showed the scale difference derived from the comparison be-
tween “punctual” measurements directly from the samples and
co-located volume-averaged data from inverted models. Although the
correlation coefficients are relatively large (~0.7) and the field data may
capture the variations observed in the laboratory measurements, the
regularization effect of the inversion should still be considered. The
identification of 4 groups was mostly based on different resistivity and
chargeability ranges as well as the concentration of Fe, Mn and Si
(Fig. 6a—c). A geophysics-based clustering leads to the same grouping as
the geochemical-based one. This was supported first, with the complex
conductivity at the relaxation frequency (i.e., different groups are
associated with different phases, see Fig. 6d—e), a hierarchical clustering
and PCA, where the groups are clearly distinguished in the PC2-PC1
space. Note that the aim of this step is to derive and support a
physical-chemical-based grouping using 22 laboratory measurements. If
several tens of samples are available, other approaches of unsupervised
learning may be used, e.g., Whiteley et al. (2021).

Then, we modeled 2D KDE’s using the volume-averaged field data
collocated with the sampling for each previously identified group. Af-
terwards we estimated the KDE’s at the whole domain of the inverted
field data and computed joint conditional probabilities. The classifica-
tion of the field data is strongly influenced by the selection of the
bandwidth h in the definition of the KDE’s. Yet, we observed that the
two-step estimation of h represents a suitable alternative in presence of
few data, i.e., the Scott’s rule performs an automatic bandwidth esti-
mation which can be tunned according to the level of noise we want to
integrate in the model (which can be based on prior information).
Furthermore, the selection of bandwidth also ensures that the classifi-
cation of the data keeps the proportion of the prior probabilities estab-
lished from the sampling. Lastly, the computation of joint conditional
probabilities allowed to derive the uncertainty of the classification,
which is of interest as for reserve classification.

Finally, the total volume estimated here is likely to represent a
minimum threshold value. First, because the inverted models do not
show the boundary between the slags and the host geology, whose
natural level has been reported at around 115 m (but which could be
deeper if natural soil was removed before the deposition of the slags).
Secondly, because we included only the areas of the inverted models
with a sensitivity larger than 10~>°. Nonetheless, reporting the volumes
with an uncertainty range (derived from computing volumes with and
without consider associated probabilities) may lead to more accurate
quantifications that can support remediation strategies especially in
terms of resource recovery.
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6. Conclusion

In this contribution we present an integrated methodology to
quantitatively interpret geophysical field data in terms of chemical
composition using a probabilistic classification. It ultimately allows to
estimate the volumes of each class considering only parts of the inverted
models that are sufficiently reliable (trough sensitivity) and integrating
the uncertainty of the classification. We illustrate this methodology
investigating a slag heap with residues from steel works and blast fur-
naces. Based on the statistical analysis of the geochemical and
geophysical lab data, we identified 4 classes or groups from the 22
samples collected at different positions of the heap. Group 1 correspond
to the inert waste with the largest concentration of Si, Ti and K; Group 2
represents the slags with the largest concentrations of Fe, Mn, Cr and V,
which in turn represents the most interesting volume in terms of re-
covery; Group 3 and 4 refer to the materials with an intermediate Fe-Mn
concentrations but the materials of Group 4 present a range of larger
resistivities, which could be an indicator of a different type of slag. The
estimated volumes of materials corresponding to groups 1-4 are
respectively: 4.17 x 10% m3 + 12%, 2.30 x 10* m® + 21%, 1.888 x 10°
m® + 12% and 59.4 x 10° m® + 19%.

The methodology contains several elements that are crucial for the
investigation of metallurgical residues, e.g., geophysical field acquisi-
tion, sampling, laboratory measurements, etc. It links laboratory and
field measurements through a probabilistic classification that is based on
the definition of multivariate KDE distributions (i.e., resistivity and
chargeability) and allows to integrate uncertainties which can be
translated to the estimation of volumes. Overall, we observe that
defining elements of this methodology are: 1) a representative targeted
sampling based on the results of the geophysical survey, to better infer
prior probabilities and 2) the bandwidth selection for the definition of
the 2D KDE’s, where the examination of the geophysical volume-
averaged field data distribution is considered. Note that the first
element indicates that samples collected at few (x, y) locations and/or
exclusively at surface may not reflect the heterogeneity nor the truth
composition of the waste dump and may lead to misinterpretations of
the field data. Furthermore, the selection of the bandwidth defines the
KDE’s distributions and therefore, it has a strong impact on the joint
conditional probabilities and the classification. When few samples are
considered for the computation of KDE, it may be challenging to set a
bandwidth that integrates/excludes possible outliers, i.e., to define the
weight that some samples will have on the estimation of the KDE
distribution.

Lastly, the integrated methodology can be adapted according to the
feature to investigate at the field scale. Laboratory measurements can
include mineralogical analysis to interpret the field data in terms of
mineral composition, or pedological descriptions, borehole-logs, back-
scattered images, etc. Additionally, we found that reporting uncertainty
ranges in the estimated volumes is useful information for stakeholders,
managers and owners of these sites to make economically informed
decisions while launching a resource-recovery and/or remediation
project.
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