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ABSTRACT

Assessing the success of sensor-based sorting in the raw materials industry currently requires time-
consuming and expensive empirical test work. In this contribution we illustrate the prospects of suc-
cessful sensor selection based on data acquired by scanning electron microscopy-based image analysis.
Quantitative mineralogical and textural data from more than 100 thin sections were taken to capture
mineralogical and textural variability of two different ore types from the Himmerlein Sn—In—Zn deposit,
Germany. Parameters such as mineral grain sizes distribution, modal mineralogy, mineral area and
mineral density distribution were used to simulate the prospects of sensor-based sorting using different
sensors. The results illustrate that the abundance of rock-forming chlorite and/or density anomalies may
well be used as proxies for the abundance of cassiterite, the main ore mineral. This suggests that sorting
of the Himmerlein ore may well be achieved by either using a short-wavelength infrared detector — to
quantify the abundance of chlorite — or a dual-energy X-ray transmission detector to determine the
abundance of cassiterite. Empirical tests conducted using commercially available short-wave infrared
and dual-energy X-ray transmission sensor systems are in excellent agreement with simulation-based
predictions and confirm the potential of the novel approach introduced here.

© 2019 Published by Elsevier Ltd.

1. Introduction

Sensor-based sorting is a technology applied by the mining in-
dustry to reject coarse barren particles (in a size range between 10
and 100 mm) of a heterogeneous ore at an early stage of a benefi-
ciation process (Knapp et al., 2014; Wills and Finch, 2016; Wotruba
and Harbeck, 2010). The sorting process can be subdivided into four
basic steps, as illustrated in Fig. 1 by the example of a chute sorter
(Nienhaus et al., 2014). Before sensor-based sorting can be imple-
mented into a flow sheet it must be the first objective to identify the
sensor, which is able to detect — or even quantify — a suitable
property that allows classifying the particles of the investigated ore
type into concentrate and waste. Most commonly, direct identifi-
cation of the mineral of interest is not possible because suitable
sensors are not available. In such cases, a measureable property that
correlates well with the mineral/element of interest — a so-called
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proxy — can be selected for sensor-based sorting. Examples of
commonly-detected properties/proxies are atomic density with a
(dual-energy) X-ray transmission sensor, (DE-)XRT for short (e.g.
Neubert and Wotruba (2016); Robben et al. (2013); Walker (2017)),
color, fluorescence, or transparency (optical sensor), short-
wavelength infrared or near-infrared radiation (SWIR/NIR; e.g.
Dalm et al. (2017); Phiri et al. (2018); Iyakwari et al. (2013)), or X-ray
fluorescence (XRF; e.g. Nadolski et al. (2018)).

The state-of-art approach to find a suitable sensor for sorting a
particular raw material is to carry out repeated and varied trial-
and-error batch tests (e.g., Nienhaus et al., 2014; Wotruba and
Harbeck, 2010), leaving a high potential for optimization. This
classical approach requires several steps. First, a sorting parameter
(e.g. color) and a matching sensor (— optical sensor), suitable to
separate ore from waste must be chosen based on qualitative
evaluation of the ore. This step is followed by lab-scale batch tests
with 10—100 ore particles (e.g., Neubert and Wotruba, 2016; Riedel
and Dehler, 2010; Robben et al., 2013). Based on the results of such
lab-scale batch tests a suitable sensor is identified and test work
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Fig. 1. Schematic drawing of a sensor based chute sorter (modified from Nienhaus
et al. (2014)). (1) After optional conditioning with water, single particles are pre-
sented on a chute. (2) The particles are examined contact-free with a sensor detecting
tangible particle properties. (3) An electronic processing unit evaluates the obtained
information and forwards it to (4) an actuator, which ejects particles with specific
characteristics from the material stream.

continues on a pilot plant scale. It is during the latter pilot tests that
bulk assay data are used to assess sorting performance in terms of,
e.g., recovery, grade and mass pull. The latter terms are obvious pre-
requisites for a cost-benefit assessment to decide whether a sensor-
based sorter should be implemented in an industrial operation.

It is obvious that a prior knowledge of the raw material to be
sorted limited to a qualitative description and bulk chemical assay
data is insufficient. For example, it is not clear why a number of ore
particles is rejected (— waste), and vice versa, why a number of
particles is transferred into the concentrate. It is also unclear
whether the tested sorting mechanism functioned to its full po-
tential or if it is possible to improve the sorting performance.
Furthermore, there are no indications whether parameter(s) other
than those selected for empirical test work could be used to
concentrate the element/mineral more efficiently.

It is an intuitive expectation that a more comprehensive un-
derstanding of mineralogical and textural characteristics of the raw
material to be sorted will provide prior insight into the effective-
ness of a sorting process that is based on physical characteristics set
by the minerals that constitute the ore. The data needed can be
provided by scanning-electron microscopy energy-dispersive X-ray
spectroscopy (SEM-EDS)-based image analysis (a.k.a. automated
mineralogy, Fandrich et al., 2007). In this study, automated
mineralogy data is used in a novel approach of simulating the
success of sorting — without the need of extensive empirical test
work. Quantitative mineralogical and microfabric data obtained on
a set of polished sections provide the suitable fundament to
simulate the performance of sensor-based sorting with a selection
of different separation parameters. The polymetallic Himmerlein
deposit (Erzgebirge, Germany), a skarn-greisen orebody with
cassiterite (SnO;) mineralization (particle sizes between 5 pm and
3 mm) serves as a case study to illustrate this novel approach.
Simulation-based results are validated by actual sorting tests using
two different sensor systems that are commercially available.

2. Materials and methods

The samples used in this study originate from the +590 m level
of the Himmerlein deposit which can be accessed via the visitors’
mine Besucherbergwerk Zinnkammern Pohla. Hand specimens were
collected for various studies concerning the different lithounits, ore

types, and host rocks (e.g. Kastner, 2016; Miehlbradt, 2017; Richter,
2016; Winkler, 2017). Whilst the samples are regarded as being
representative of the area of the mine that was accessible to sam-
pling, they may not necessarily be representative for the entire
deposit.

2.1. The Hammerlein deposit

The polymetallic Himmerlein deposit is located in the central
portion of the Erzgebirge of the Free State of Saxony, Germany, close
to the border to Czech Republic (Fig. 2) and is currently explored by
Saxore Bergbau GmbH. The deposit comprises of two lithologically
distinct parts: a Sn—In—Zn skarn (skarn ore) and greisenized mica
schist known as Schiefererz (Schuppan and Hiller, 2012). The main
commodity of economic interest in the Himmerlein deposit is Sn
contained in the mineral cassiterite (SnO-). Grain sizes of cassiterite
range between 5 pm and 3 mm in the skarn ore and 0.1—-3 mm in
the Schiefererz. Zn and In, both contained in sphalerite (ZnS) (Bauer
et al, 2017) are regarded as important by-products (Treliver
Minerals Limited, 2015). Economically significant tin mineraliza-
tion in the skarn ore is related to a late metasomatic overprint
expressed by the mineral assemblage cassiterite-chlorite-fluorite-
sulfides (Kern et al., 2018a). This assemblage occurs in irregular
pods, lenses and veins (Fig. 3 A). The preferred association between
cassiterite and chlorite, as well as fluorite and sulfide minerals can
readily be quantified (Kern et al., 2018a). The skarn ore is sur-
rounded by extensively altered and locally greisenized mica schist
(Schiefererz) (Miehlbradt, 2017). In immediate contact with the
skarn, 1-2 cm thick cassiterite-bearing veinlets can be found
crosscutting the mica schist (Fig. 3 B).

2.2. Sample preparation

Hand specimens were cut to blocks of approximately
4.2 x 2.4 x 0.5 cm size. A thin slice of each block was sawed off to
prepare a polished section of either 30 um or 150 um thickness and
lateral dimensions of 4.2 x 2.4 cm. Although sensor-based sorting is
usually applied to irregularly shaped particles instead of rectan-
gular cuboids with a flat surface and straight edges, we approached
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Fig. 2. Location of the Himmerlein deposit in Germany.
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Fig. 3. Two photographs of the cassiterite mineralization (CM) in skarn and mica schist (Schiefererz, MS). A. Assemblage of cassiterite, chlorite, fluorite, and the sulfide minerals
chalcopyrite, arsenopyrite and pyrite overprint the iron oxide lithounit (IOL) forming pods and lenses. B. Numerous quartz- and cassiterite-bearing veinlets crosscut the MS (=
Schiefererz) and reach into the skarn (IOL with mag >> grt). Abbreviations: IOL = Iron oxide lithounit; MS = mica schist, cas = cassiterite, chl = chlorite, fl = fluorite, sul = sulfide,

mag = magnetite, grt = garnet, qz = quartz, tur = tourmaline. From Kern et al. (2018a).

the hypothesis that the impact of this obvious difference in particle
shape is limited because of the small mineral grain sizes and strong
mineral intergrowth typical for skarn ore and Schiefererz.

A total of 101 sets (a set consisting of a block and the corre-
sponding polished section) were selected from the two ore types
skarn (n =81) and Schiefererz (n = 20). All analyzed samples from
the different ore types and lithounits (as introduced by Kern et al.
(2018a)) are listed in Table 1. A threshold of 0.1 wt % Sn in cassit-
erite per sample was chosen as a first pass to distinguish between
ore and waste rock. This simple threshold is exceeded by 35 % of the
skarn samples (28 out of 81) and 60 % of the Schiefererz samples
(12 out of 20). The threshold is lower than the economic cut-off
grade for mining (0.5 wt % total Sn; see Treliver Minerals Limited
(2015)) but regarded as reasonable at the sorting stage, where the
ore has only been blasted, transported and crushed (personal
communication Dr. Marco Roscher, Saxore Bergbau GmbH).

2.3. Mineral liberation analysis

Quantitative mineralogical analyses with the modified approach
for automated mineralogy by Kern et al. (2018b) were conducted on
the entire set of polished sections using a Mineral Liberation
Analyzer (MLA; from FEI Company, Hillsboro, OR, USA). A FEI
Quanta 650F field-emission scanning-electron microscope (FE-
SEM; from FEI Company, Hillsboro, OR, USA) equipped with two
Bruker Quantax X-Flash 5030 energy-dispersive X-ray (EDX) de-
tectors (from Bruker Company, Billerica, MA, USA) was used. The
SEM was operated at an acceleration voltage of 25 kV and a probe
current of 10 nA. Grain-based X-ray mapping (GXMAP) discrimi-
nates minerals by their grayscale and uses a closely spaced grid of

Table 1

X-ray points to map the surface of the polished sections. In this
measurement mode, the surface of the polished section is sub-
divided into square frames. MLA measurement conditions were set
to a pixel size of 2 or 3 um (for fine-grained or coarse-grained
samples, respectively) at a step size of 6 x 6 and an acquisition
time of 5ms. The side length of a frame varied between 1 and
1.5mm (geometric mean =13 mm). The software MLALookUP
(Krupko et al., 2018) and MLA Suite 3.1.4 from FEI were used for
data processing. Results include particle maps as well as modal
mineralogy, mineral area (2-dimensional equivalent to volume),
particle density, mineral grain size distribution and mineral asso-
ciations (Fandrich et al., 2007; Gu, 2003).

In addition, the average density of each image frame was
calculated by multiplying the density of each detected mineral with
the mineral abundance within the frame. The frame with the
highest density (= highest-density frame; HDF) is regarded as a
suitable proxy because samples with local anomalies of high den-
sity are likely to contain cassiterite—the mineral with the highest
density in the Himmerlein ore.

2.4. Short-wavelength infrared spectroscopy

Hyperspectral SWIR data from block samples was acquired us-
ing a SisuROCK drill-core scanner equipped with an AisaFENIX
hyperspectral sensor (both from SPECIM, Spectral Imaging Ltd.,
Oulu, Finland). A scanning speed of 25.06 mm/s, a frame rate of
15 fps and an integration time of 4 s were used. The spatial reso-
lution of the resulting hyperspectral scans is 1.7 mm/pixel. In the
relevant range of the SWIR region for the current study
(1800—2300 nm) the spectral resolution is 12 nm.

Ore types and lithounits (as introduced by Kern et al. (2018a)) of studied samples with Sn contained in cassiterite above and below the threshold of 0.1 wt % (defined by Mineral
Liberation Analysis). Cassiterite mineralization is related to an assemblage of cassiterite-chlorite-fluorite-sulfides. Note that samples that consist entirely of this characteristic

mineral assemblage may still have a content of Sn in cassiterite below 0.1 wt %.

Lithounit >0.1 wt % Sn in cassiterite <0.1 wt % Sn in cassiterite Total
Skarn
Feldspar-pyroxene-epidote lithounit (FPEL) 1 6
Garnet lithounit (GL) 3 14 17
Amphibole lithounit (AL) 5 12
Iron oxide lithounit (IOL) 12 15 27
Sphalerite mineralization (SM) 1 3
Cassiterite mineralization (CM) 6 3 9
Gneiss (GS) 0 7 7
Total 28 53 81
Schiefererz
Total 12 8 20
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The samples were measured three times and the scans were
averaged after the pre-processing consisting of sensor shift and
geometric correction of the lens effect using the MEPHySTo toolbox
(Jakob et al., 2017). Further data processing was performed using
the ENVI version 5.1 (Exelis Visual Information Solutions, Boulder,
CO, USA) software. The resulted averaged scan was subjected to
spectral smoothing using the savgol filter.

Chlorites from Hammerlein have an intermediate Fe—Mg
composition with slight variations (Fe-rich vs. Mg-rich). In the
SWIR region of the electromagnetic spectrum, the main interme-
diate chlorite absorption feature is located at 2252 nm very close
with the main epidote feature (Pontual et al., 1997). The effect of the
epidote feature at 2252 nm was reduced by subtracting its specific
secondary feature at 1831 nm (Pontual et al., 1997). The resulting
chlorite abundance map of the blocks was processed and analyzed
in MATLAB R2015b (MathWorks, Inc., Natlick, MA, USA) to calculate
the average gray level of each block. The obtained value is consid-
ered an indicator for chlorite abundance in the sample.

2.5. Dual energy X-ray transmission

DE-XRT uses broad-band radiation from an X-ray tube. The ra-
diation penetrates the material to be sorted while it is moved along
the scanning area (von Ketelhodt and Bergmann, 2010). The ma-
terial attenuates the received X-ray radiation and thereby decreases
the modulation amplitude of the sensor. The degree of attenuation
depends on the atomic density and the thickness of the material
(von Ketelhodt and Bergmann, 2010). Two channels of the X-ray
sensor capture different energy levels, which allow the character-
ization of the material by its atomic density and almost regardless
of its thickness. The resulting gray-scale image shows fractions of
high (dark) and low (light) atomic density (Riedel and Dehler,
2010).

In this study a HI-RAY 10 DE-XRT sensor (Smiths Detection Inc.,
Watford, United Kingdom) was run at 160 kV. Higher energy levels
were achieved by applying a metal foil in front of the sensor that
filtered low kV radiation. The conveyor belt speed was set to 2.8 m/s
at an acquisition time of 1.25 ms/frame with a resulting resolution
of approximately 1.2 x 3.5 mm.

3. Results
3.1. Ore characteristics

Iron oxide minerals (magnetite, hematite), silicates (amphibole,
garnet and chlorite) and sulfide minerals dominate the mineralogy
of the skarn. Cassiterite concentrations vary between 0.0 and
19.2 wt % (average of @ 0.6 wt %). The Schiefererz, in contrast, con-
sists of quartz, feldspar and mica with cassiterite contents between
0.0 and 11.9 wt % (@ 2.1 wt %). Sample variability is visualized by ten
selected samples from different lithounits and ore types. Fig. 4
shows false-color images created from data sets of the applied
methods. A table with results from analyses with MLA (modal
mineralogy, mineral area, highest-density frame, mineral grain size
distribution), SWIR (chlorite area) and DE-XRT (frame with the
highest density) can be found in the electronic supplementary
(Table 1. Skarn ore; Table 2. Schiefererz).

3.2. Simulations

Data from automated mineralogy enables the simulation of a
theoretically unlimited number of sorting experiments. Upgrading
curves based on the cassiterite content and three proxies (chlorite
area, highest-density frame and fluorite grain size) are discussed in
the following chapters. The simulated results from sorting by

chlorite area and highest-density frame are compared to experi-
ments with commercially available sorting equipment (SWIR and
DE-XRT, respectively).

3.2.1. Cassiterite content

The upgrading curves in Fig. 5 A and B (skarn ore) are described
in detail to inform the interpretation of Fig. 5 C and D (Schiefererz)
as well as Fig. 6, Fig. 7 and Fig. 8, which have a similar layout.
General reviews on upgrading curves can be found in Drzymata
(2006, 2007, 2008).

Fig. 5 A plots a Fiirstenau-II diagram (e.g. Drzymata, 2006) with
gangue recovery (x-Axis) against cassiterite recovery (y-Axis) for
the case that all samples are sorted according to the property
cassiterite content (wt %). The first sample sorted to the concentrate
is the one with the highest cassiterite content (19.2 wt %), followed
by the sample with the second highest cassiterite content (11.8 wt
%), et cetera. Recovery of 99 % cassiterite is reached with sample 39
out of 81. Each of the remaining 42 samples contains less than
01wt % Sn in cassiterite. The curve is labeled with selected
threshold values of cassiterite that is recovered at a specific re-
covery/mass pull ratio. For example, at 85 % cassiterite recovery and
20 % gangue recovery, all samples with > 1wt % cassiterite are
classified as concentrate. The upgrading curve would touch (or
cross) the diagonal line (labeled no upgrading) if gangue recovery
and cassiterite recovery was identical.

Fig. 5 B shows the technical efficiency-recovery diagram as
introduced by Finch and Gomez (1989). The cassiterite recovery (x-
axis) is plotted against the technical efficiency (= cassiterite re-
covery — gangue recovery) on the y-axis. The technical efficiency is
a parameter that allows assessment of separation performance and
defines an ideal threshold value. The diagonal marks ideal
upgrading.

Fig. 5 C shows the Fiirstenau-II diagram and Fig. 5 D the tech-
nical efficiency-recovery curve for Schiefererz. According to the
data sets, it is possible to recover 95% cassiterite and reject 60 % of
the gangue. The technical efficiency reaches values > 60 %.

To reach a recovery of more than 80 % cassiterite from skarn ore
or Schiefererz, a sensor that identifies cassiterite (or tin) at con-
centrations between 1 and 2wt % in a fast and precise manner
would be necessary. To the best knowledge of the authors this is not
possible with state-of-the-art sensor technology. Nevertheless, the
upgrading curves yield important information as they show the
mineralogical barrier for sorting. This ideal sorting result can be
reached in theory, but not in practice for an unlimited amount of
samples — no matter how efficient the applied proxy is. The
mineralogical barrier is displayed in Figs. 6,7 and 8, for orientation.
Any positive sorting result plots between the mineralogical barrier
and the diagonal of no upgrading. An efficient upgrading curve ap-
proximates to the mineralogical barrier.

3.2.2. Chlorite area

The area of chlorite from MLA data is compared to the data set
acquired by SWIR. Good agreement between both methods is
inferred from the upgrading curves (Fig. 6A and B). The chlorite
proxy shows technical efficiency of up to 45 % for cassiterite re-
covery of 70 % — while 75 % of the gangue is rejected. The SWIR
identified chlorite of 1 area % and less without problems, which
qualifies for a cassiterite recovery of over 90 %.

The technical efficiency between 0 and 20 % cassiterite recovery
is below 10 %. This means that the samples with the highest chlorite
area are not particularly rich in cassiterite. Reason is the presence of
two chlorite varieties with only slightly different chemical signa-
tures (Fe-rich vs. Mg-rich; see Kern et al. (2018a)).

The chlorite area in the Schiefererz is only 1 % in average.
Consequently, the proxy shows limited technical efficiency in MLA
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simulations and poor correlation with sensor data (Fig. 6 C and D).

3.2.3. Highest-density frame
The Fiirstenau-II diagram for sorting cassiterite in skarn ore by

the highest-density frame (HDF) is presented in Fig. 7 A. The
upgrading curve from sorting with DE-XRT has a significantly lower
recovery compared to MLA for HDF values < 5 g/cm®. At this value,
approximately 80 % cassiterite recovery and 50% gangue recovery at
30 % technical efficiency can be reached (Fig. 7 A and B).

The upgrading curves from Schiefererz approximate the
mineralogical barrier (Fig. 7 C and D). It is possible to recover 95 %
cassiterite while rejecting more than 45 % of gangue at a technical
efficiency of ~ 50 %. The high density of cassiterite is a distinct
property that can be used to efficiently separate cassiterite-bearing
mica schist from barren mica schist.

3.2.4. Fluorite grain size

Upgrading curves for sorting by fluorite grain size are shown in
Fig. 8. The property grain size was chosen instead of the area
because of low median fluorite concentrations (0.1 wt % in skarn
ore; 0.5wt % in Schiefererz). The sorting result for skarn ore is
excellent - cassiterite recovery of nearly 80 % at less than 25 %
gangue recovery and a technical efficiency of 57 % can be realized.
100 % cassiterite from the Schiefererz can be recovered while
rejecting 80 % of the gangue.

However, preliminary test work with a sensor detecting UV-
induced fluorescence at 365 nm was not successful. Despite fluo-
rescence being detectable for coarse-grained fluorite, the method
did not show reliable identification of fluorite grains <2 mm.
Reaching cassiterite recovery of 90 % in skarn ore and Schiefererz
would require the identification of fluorite grains as small as
100 pm and 50 pum, respectively.

3.3. Empirical validation

Integration of sensor-based sorting into the beneficiation circuit
of a commercial mining operation requires a cost-benefit analysis.
Parameters that are typically considered are the recovery of the
mineral of interest as well as the technical efficiency. Here, we show
that the available MLA data set can play a major role in such an
evaluation. It can be used to review the economic potential of
sorting and help judging the further processing behavior of the
material. The separation of particles from the concentrate stream
results in a change of important parameters (like modal mineralogy
and mineral grain size) that affect the succeeding beneficiation
processes (e.g. comminution, froth flotation, density separation and
magnetic separation). The multitude of capabilities for data eval-
uation is demonstrated by simulating these parameters for the
emerging concentrate and waste streams.

As an example, we simulate the separation by two proxies that
show promising results from MLA and sensor data: (1) The sorting
of skarn ore by using abundance of chlorite as a proxy; (2) The
separation of Schiefererz by using the frame with the highest
density as a proxy. Modal mineralogy (depending on mass pull),
cassiterite grade and average cassiterite grain size (50 wt % passing)
of concentrate and waste are modeled for cassiterite recovery
classes in 10 % incremental steps. Data can be found in the elec-
tronic supplementary (Table 3. Sorted ore).

3.3.1. Skarn ore sorted by chlorite area

With increasing cassiterite recovery, the modal mineralogy of
the concentrate is dominated by quartz, chlorite and iron oxide
minerals. Fluorite and sulfide minerals preferably accumulate in the
concentrate as well (Fig. 9 A). Garnet, epidote and amphibole pre-
dominantly report to the waste fraction (Fig. 9 B). Efficient sepa-
ration between concentrate and waste is possible around
approximately 80 % cassiterite recovery, where the cassiterite grade
isaround 1.2 wt % (Fig. 9 C) at an average grain size of nearly 300 pm
(Fig. 9 D). The mass pull into the concentrate at 80 % cassiterite
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Fig. 9. Cassiterite recovery classes of skarn ore sorted by chlorite area. A. Modal mineralogy of concentrate. B. Modal mineralogy of waste. C. Cassiterite grade. D. Cassiterite grain

size.

recovery is only 40 %. The average cassiterite grain size in the waste
stream is below 60 pm. Thorough grinding will be necessary to
reach a high degree of liberation for such small grain sizes
(Buchmann et al., 2018). In the 90 % cassiterite recovery class, the
concentrate is diluted with garnet and amphibole which increases
the mass pull above 70 wt %. Achieving a cassiterite recovery of 10 %
more would hence require a beneficiation plant that allows 75 %
higher throughput. Lower cassiterite grade (0.8 wt %) and average
cassiterite grain sizes (<200 pm) are other tangible variables that
deteriorate the properties of the concentrate for a higher cassiterite
recovery. Considering all parameters presented the threshold value
for most efficient skarn ore separation lies thus between 80 and 90
% cassiterite recovery.

3.3.2. Schiefererz sorted by highest-density frame

The separation of the Schiefererz shows a dominance of quartz
in the concentrate and feldspar and mica in the waste stream. In
comparison to the skarn ore, the modal mineralogy barely changes
and will have only limited effects for downstream beneficiation
processes. Recovery of 50 % cassiterite is achieved by concentrating
only the two samples with the highest cassiterite contents (i.e.
highest-density frames). 95 % of the cassiterite can be recovered
with 50 % mass pull (Fig. 10 A and B). The average cassiterite grain
size in this concentrate would be > 1500 um (Fig. 10 D) at a grade of
3.62 % (Fig. 10 C). Contrary to the skarn ore, the average cassiterite
grain size in the waste stream still exceeds 200 pm. Particles con-
taining such coarse-grained cassiterite are still valuable and should
be targeted in sorting. Taking into account all available information
suggests that a cassiterite recovery above 95 % should be the target
of an efficient beneficiation route for the Schiefererz.

4. Discussion

Results illustrate an excellent correspondence between empir-
ical test results and simulations of separation performance based
on MLA data. The properties of minerals in the ore (modal miner-
alogy, mineral density, mineral grain size, etc.) can be used to
predict the separation success of different ore types and allow
preparing a detailed cost-benefit analysis and making an educated
choice for the best-suited sensor. Once a sensor is chosen, acquired
data can also serve for optimization of the sorting process itself. The
properties of minerals in the simulated concentrate can be used to
plan and predict the functionality of following processes like froth
flotation, density separation and magnetic separation and to
determine the decreased toxicity of coarse-grained waste.
Accordingly, the simulation of sensor-based sorting should become
a fundamental component of a predictive geometallurgical model
that integrates the entire beneficiation process from comminution
to purification (van den Boogaart and Tolosana Delgado, 2018).

Sorting skarn ore by chlorite abundance is a good example for
the interactions between sensor-based sorting and subsequent
processing steps: The unavoidable high amount of chlorite in the
concentrate is disadvantageous for further processing, as chlorite
readily responds to reagents that are used in cassiterite flotation.
This may, of course complicate the separation of the two minerals
(Bulatovic, 2010). The simulated composition of the concentrate
(here most importantly chlorite abundance and cassiterite abun-
dance) and other properties (e.g., intergrowth between the two
minerals) are important factors that modify the process of froth
flotation (which can be simulated as well; e.g., Lamberg and Vianna
(2007); van den Boogaart and Tolosana Delgado (2018)). Further-
more, the modified composition of the ore affects subsequent
density separation and magnetic separation, which must be taken
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Fig. 10. Cassiterite recovery classes of Schiefererz sorted by HDF. A. Modal mineralogy of concentrate. B. Modal mineralogy of waste. C. Cassiterite grade. D. Cassiterite grain size.

into consideration in models that predict the separation behavior of
the ore (e.g., Buchmann et al.,, 2017; Hannula et al., 2018).

There are two main reasons for the poor correlation between
DE-XRT values and HDF values (from MLA) > 5 g/cm? in the skarn
samples: (1) the cassiterite grains (5 um—3 mm) are smaller than
the resolution of the DE-XRT sensor (3.5 mm pixel width) and (2)
the presence of other dense minerals such as magnetite, hematite
and sulfide minerals. The frame with the highest density reaches
high values for samples containing high contents of iron oxide
minerals (p ~ 5 g/cm?) and/or sulfide (p between 4.5 and 7.5 g/cm?).
Compared to that, samples with cassiterite in a matrix of minerals
with a low density (e.g. chlorite, fluorite, quartz) have a lower HDF
value. Correlation between both methods exists only for samples
with a HDF <5 g/cm?® (silicate and silicate-cassiterite dominated
samples). Better correlation is expected to be reached by a DE-XRT
sensor with higher lateral resolution. A discrepancy in lateral res-
olution also exists between MLA and the SWIR measurements
(1.7 mm lateral resolution). Slight deviations in the quantification
of relevant parameters result in a slightly changed order of particles
in the simulation. This difference does, however, not affect the
overall agreement.

Simulation data presented in this study is based on analysis with
MLA but data sets of equal quality can also be obtained with similar
SEM-EDS-based platforms like TIMA-X (TESCAN, Brno, Czech Re-
public), Mineralogic Mining (Zeiss, Oberkochen, Germany), and
QEMSCAN (FEI Company, Hillsboro, OR, USA). These systems all
have in common that analyses are rather time-consuming and
costly, especially at the very high degree of spatial resolution that
was applied for this study. There are several possibilities to reduce
both cost and time, thereby making the simulation-based approach
more interesting to be applied by industry. For instance, the reso-
lution of SEM-EDS platforms can be lowered to a level of detail
where it still sufficiently characterizes the major minerals and ore

minerals of a sample and allows simulating the separation process.
This will speed up the analysis and thus also reduce costs. It is also
possible to analyze samples with other technologies that allow
spatial analysis at high resolution in shorter time. Examples include
mapping by p-EDXRF and LIBS (e.g., Kuhn et al., 2016; Nikonow
et al., 2019). For less complex ores, optical microscopy-based im-
age analysis (e.g. Berrezueta et al., 2016) may well be used to
substitute SEM-EDS.

5. Conclusions

The simulation-based approach introduced here enables inte-
gral optimization of major parameters that are relevant for sensor-
based sorting whilst minimizing the need of time-consuming
empirical test work. Quantitative mineralogical and mineral asso-
ciation data can be used to run an unlimited number of sorting
simulations, which helps finding proxies for ore sorting and allows
choosing a sensor suitable for most efficient separation of coarse-
grained particles. Parameters like modal mineralogy, mineral as-
sociations and mineral grain size distribution of the simulated
products (concentrate and waste) can be anticipated from the data
- information that is also of great significance for further minerals
beneficiation processes. In combination, this information can
contribute significantly to any predictive geometallurgical study
(van den Boogaart and Tolosana Delgado, 2018). The approach can
be adapted for many other ore types and has a great potential to
become a key technology for optimization within the mineral
beneficiation industry if the cost for this type of analysis can be
lowered.
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