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Abstract

Exposure to respirable coal mine dust (RCMD) can cause chronic and debilitating lung diseases. Real-time monitoring
capabilities are sought which can enable a better understanding of dust components and sources. In many underground
mines, RCMD includes three primary components which can be loosely associated with three major dust sources: coal dust
from the coal seam itself, silicates from the surrounding rock strata, and carbonates from the inert ‘rock dust’ products that
are applied to mitigate explosion hazards. A monitor which can reliably partition RCMD between these three components
could thus allow source apportionment. And tracking silicates, specifically, could be valuable since the most serious health
risks are typically associated with this component-particularly if abundant in crystalline silica. Envisioning a monitoring
concept based on field microscopy, and following up on prior research using polarized light, the aim of the current study was
to build and test a model to classify respirable-sized particles as either coal, silicates, or carbonates. For model development,
composite dust samples were generated in the laboratory by successively depositing dust from high-purity materials onto
a sticky transparent substrate, and imaging after each deposition event such that the identity of each particle was known a
priori. Model testing followed a similar approach, except that real geologic materials were used as the source for each dust
component. Results showed that the model had an overall accuracy of 86.5%, indicating that a field-microscopy based moni-
tor could support RCMD source apportionment and silicates tracking in some coal mines.
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1 Introduction various factors, such as geographic location, mine size, min-

ing operation type, coal-seam thickness, coal rank, changes

Exposure to respirable coal mine dust (RCDM) can cause
lung diseases such as coal workers’ pneumoconiosis, pro-
gressive massive fibrosis, and chronic obstructive pulmo-
nary disease (Laney and Attfield 2010; Hall et al. 2019;
Liu et al. 2021; Almberg et al. 2023). A recent systematic
review conducted by Shekarian et al. (2023) found that the
resurgence of CWP among coal workers can be attributed to
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in mining practices, technology advancement, and engineer-
ing dust control practices. Ongoing or resurgent prevalence
of occupational lung disease among coal miners in the US
and elsewhere has underscored the importance of effective
RCMD monitoring strategies (National and of Sciences,
Engineering, and Medicine. 2018). Acknowledging the role
of crystalline silica in many cases, a 2018 consensus report
published by the National Academies of Sciences, Engi-
neering, and Medicine called for development of real-time
silica monitoring capabilities; it also called for an overall
better understanding of dust sources, and development and/
or application of technologies to enable broad monitoring
of RCMD trends (National and of Sciences, Engineering,
and Medicine. 2018).

At present, real-time RCMD monitoring technologies
only measure mass and particle concentrations, but not
individual constituents. Indeed, there are only two types of
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devices currently certified as intrinsically safe for use in US
coal mines: The continuous personal dust monitor (CPDM,
such as the PDM3700; Thermo Fisher Scientific, Waltham,
Massachusetts) is mandated for regulatory compliance moni-
toring (per 30 CFR part 74), and measures mass concentra-
tion of respirable dust using a tapered element oscillating
microbalance (Patashnick and Rupprecht 1991; Colinet
2022). A device called the personal DataRAM (pDR-1000;
Thermo Fisher Scientific, Waltham, Massachusetts) is also
permissible-though it has been recently discontinued by the
manufacturer-and measures particle concentration in the res-
pirable range using a light scattering technique (Listak et al.
2007). Despite significant interest, real-time monitoring of
specific RCMD constituents like crystalline silica has not yet
come to fruition. Beyond the considerable costs of research
and development, and the niche context of coal mining envi-
ronments, there is also the challenge of analytical sensitivity.
For example, silica might only represent a small percentage
of the total RCMD mass, which itself is relatively small.
However, a viable alternative to monitoring specific constit-
uents of RCMD could be to track larger components, which
are often correlated. Current methods for obtaining real-
time data and detailed information about the components
of dust particles are either lacking or insufficient. The need
for monitoring capabilities that can quickly and comprehen-
sively analyze various physical and chemical characteristics
of RCMD, such as their size, shape, distribution, and chemi-
cal constituents, is crucial for the advancement of portable
monitoring technologies (Gozzi et al. 2016).

In many coal mines, the primary components of dust can
be loosely associated with three main sources: (1) coal is
sourced from the target coal seam itself; (2) silicate minerals
such as aluminosilicates and silica are frequently sourced
from the rock strata surrounding the coal seam; and (3)
carbonate minerals such as calcite are frequently sourced
from inert ‘rock dust’ products that are applied to mitigate
explosion risks (Agioutanti et al. 2020; Jaramillo et al. 2022;
Sarver et al. 2021; Keles et al. 2022). While other constit-
uents can be present in RCMD, such as metal sulfides or
oxides, they typically do not account for a substantial portion
of mass or particle count (Sarver et al. 2019, 2021). Thus, in
many mines, a simple partitioning of the RCMD into coal,
silicates, and carbonates components in real-time (or near
real-time) could enable source apportionment. Further, in
mines where correlations can be established and periodically
validated (e.g., via conventional sampling and laboratory
analysis), tracking the silicates component of RCMD could
serve as a proxy for silica.

Source apportionment is a well-established tool for
understanding the origins of airborne particles and inter-
preting changes in composition (Thunis et al. 2019; Xue
et al. 2022; Mondal and Singh 2021; Luo et al. 2022; Liu
et al. 2022; Tohidi et al. 2022; Adeyemi et al. 2021; Das
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et al. 2020). Most applications in the mining context have
been focused on understanding the contributions of diesel
engines (Cantrell 1987; McDonald et al. 2003; Bugarski
et al. 2020). With respect to RCMD, there have been several
studies aimed at determining the sources of silica, specifi-
cally (Schatzel 2009; Keles et al. 2022), and establishing the
relative source contributions of dust, more broadly (Jara-
millo et al. 2022; Trechera et al. 2022). However, all of these
efforts have relied on samples collected at discrete times
and analyzed in the laboratory. A real-time capability for
source apportionment could enable a better understanding
of changes in RCMD with mining and geologic conditions
or dust controls.

Envisioning a field microscopy based monitoring solu-
tion, prior research by the authors showed that respirable-
sized dust particles could be classified as either coal or
minerals using just a pair of images (Santa et al. 2021). To
explain, after collecting dust particles onto a glass sam-
pling substrate, static images were collected in both plane-
polarized (PP) and cross-polarized (CP) light. The PP image
was used to identify all particles in the image frame; and
the CP image was used to identify mineral particles in the
frame, since they typically illuminate based on their bire-
fringence. Supposing samples can be collected and imaged
on a semi-continuous basis, this approach could support a
simple binary classification of RCMD (i.e., mineral versus
coal). This could be valuable on its own in certain applica-
tions, like tracking the relative dust generation from mining
in rock strata versus the target coal seam at the production
face (Santa et al. 2021). Moreover, in an environment where
silica content is understood to correlate well with the overall
mineral component of RCMD, even a crude measurement of
the mineral component might be valuable if made frequently.

Nevertheless, an obvious limitation of a binary mineral/
coal classification scheme is that it does not distinguish
between different mineral components, which might have
different sources and/or relatively different associations
with RCMD constituents of interest, such as silica. To sup-
port source apportionment, the total minerals fraction of the
dust needs to be further partitioned. The earlier work by the
authors hinted at the possibility of minerals subclassifica-
tion, highlighting preliminary efforts to distinguish carbon-
ates from silicates-which might be a better proxy than total
minerals for tracking silica. However, particle size was iden-
tified as a constraining factor. It can impact classification
accuracy, as smaller particles may prove more challenging
to identify due to the limitations of microscope resolution
and interference from other particles.

This preliminary laboratory-scale study aims to evaluate
the technical feasibility of utilizing a field microscopy-based
RCMD monitor for source apportionment in a limited num-
ber of samples and mine materials. The main objective is
to develop and test a particle classification model using a
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direct measurement method that can effectively distinguish
respirable-sized particles as coal, silicates, or carbonates.
The study particularly examines the impact of particle size
limits, as measured by projected area diameter (PAD), on
improving the accuracy of the model.

2 Materials and methods
2.1 Dust materials

Four materials were used to develop the classification model:
MIN-U-SIL® 5 and MIN-U-SIL® 10 (US Silica, Katy, TX,
USA), which are high-purity quartz powders, were used as
the source of silica particles. High-purity kaolinite pow-
der (Ward’s Science, Rochester, NY, USA) was used as a
representative silicate source. Clean bituminous coal and a
real rock dust product (obtained from an industry partner)
were used as representative sources of coal and carbonates,
respectively. While the silica, kaolinite and rock dust were
obtained as powders, the coal required milling to enable
respirable-sized particles to be sampled. It was pulverized
and sieved to obtain -230 mesh material ( < 63 pm) as the
source of coal dust.

For model testing, the same coal and rock dust were again
used as dust sources. However, to better represent the range
of silicate minerals that might occur in RCMD (i.e., beyond
pure silica and kaolinite) and determine if the optical char-
acteristics of the silicates in real materials were comparable,
three real rock strata materials were obtained from industry
partners. The two materials designated as “ROM rock” rep-
resent the rock strata that was mined at the production face
in two different operations (Mine 11 and Mine 14); these
were hand-sorted from the run-of-mine (ROM) material on
the production belt and were pulverized and sieved prior to
sampling of respirable-sized particles. The material desig-
nated as “bolter dust” was obtained directly from the dust
collection system on a roof bolter machine at Mine 16. This
material was already fine and required no preparation prior
to respirable sampling.

To validate the purity of the seven materials used in this
work, respirable-sized particles of each material were ana-
lyzed by scanning electron microscopy with energy disper-
sive X-ray (SEM-EDX). Briefly, a sample of each material
was collected in the lab using a 10-mm nylon cyclone at
2.0L/min to discard over-sized particles. The dust was col-
lected on 37-mm polycarbonate (PC) filters in closed sty-
rene cassettes. A 9-mm subsection of each filter was cut
and prepared for analysis by sputter coating with Au/Pd.
Then, the computer-controlled SEM-EDX routine described
by Sarver et al. (2021), Johann-Essex et al. (2017) was used
to identify, size and collect elemental data on about 500
particles per sample in the 1-10 pm range. Per Sarver et al.

Table 1 Characterization of dust source materials by SEM-EDX

Material Element (Mass %)
C S CB Others®

Silica 1.07 98.93 0.00 0.00
Kaolinite 0.00 100.00 0.00 0.00
Rock dust 4.10 0.57 95.14 0.19
Coal 99.82 0.09 0.00 0.09
ROM rock (mine 14) 9.85 84.76 0.19 5.20
ROM rock (mine 11) 5.62 93.60 0.00 0.78
Bolter dust (mine 16) 9.20 89.40 0.20 1.20

C Carbonaceous; S Silicates; CB Carbonates

*Heavy minerals (e.g., Fe, Ti)

(2021), particles were classified using their elemental con-
tent, and the mass percentage in each class was estimated
using particle dimensions and assumed values for specific
gravity. The SEM-EDX work was conducted using an FEI
Quanta 600 FEG environmental scanning electron micro-
scope (ESEM) (Hillsboro, OR, USA). This microscope was
equipped with a backscatter electron detector (BSD) and a
Bruker Quantax 400 EDX spectroscope (Ewing, NJ, USA).
The following parameters were used for SEM-EDX analysis
routines: 1000x magnification, 12.5 working distance, 15 kV
accelerating voltage, and a spot size of 5.5 pm. The result-
ing mass distribution of particles is shown in Table 1. The
carbonaceous class is typically composed of coal particles;
the silicates consist of silica, aluminosilicates, and other sili-
cates; the carbonates are made up of calcium and magnesium
carbonates; and the others class comprises heavy minerals
such as Fe and Ti-rich minerals.

2.2 Respirable dust sampling and imaging

For both model development and testing, samples of respir-
able-sized dust particles were prepared in two stages: par-
ticles from a single source material were deposited on the
sample substrate in the first stage, and then particles from
a different material were deposited on the same substrate
in the second stage. Samples were imaged after each stage,
with images being captured on multiple areas (‘“frames”)
for each sample. The image frames were constant between
stages, meaning that for a given sample the exact areas that
were imaged after deposition of the first particle type were
imaged again after deposition of the second particle type
(Fig. 1). This process yielded a total of 34 samples (and
175 image frames) for model development, and another nine
samples (153 frames) for model testing. The breakdown
of samples and corresponding image frames is shown in
Table 2. (For each two-material combination, the table also
shows the number of particles sourced from each material
type. These values were determined comparing the Stage 1
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Fig. 1 Two-stage method used to prepare and image samples

Table 2 Dust image inventory

Material combination ~ Stage  Samples  Frames Particles
(per track-
ing)

Development

Silica 1 19 93 667
Kaolinite 2 1769
Silica 1 10 45 319
Rock dust 2 508
Silica 1 5 37 101
Coal 2 1947
Total - 34 175 5311
Testing
ROM rock-mine 11 1 2 31 651
Rock dust 2 251
ROM rock-mine 11 1 1 16 131
Coal 2 1176
Bolter dust-mine 14 1 2 32 345
Rock dust 2 503
Bolter dust-mine 14 1 1 28 17
Coal 2 535
ROM rock-mine 16 1 2 31 920
Rock dust 2 434
ROM rock-mine 16 1 1 15 87
Coal 2 99
Total - 9 153 5149

and Stage 2 images using a “particle tracking” approach as
described below.)

The two-stage dust sampling and imaging procedure is
illustrated in Fig. 1. This experimental design was specifi-
cally developed to allow direct classification of individual
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particles via particle tracking (described below). The sam-
pling substrate was a small (20mm X 20 mm) piece of
“sticky glass”. It consisted of a glass coverslip (AmScope,
Irvine, CA, USA) which was overlaid with double-sided
clear acrylic tape (Maxwel Manufacturing, Hangzhou,
China) to minimize dust particle loss during handling. Prior
to the first stage of dust sampling, target imaging areas were
marked on the tape surface using colored fine-tip markers
such that the same areas could be visited after each sampling
stage. For sampling, the sticky glass was mounted on top of
a cellulose filter pad inside a closed 37 mm styrene cassette
(Zefon International, Ocala, FL, USA). For each sampling
event, the desired dust material was aerosolized in a small
enclosure using pulses of compressed air. A small air pump
was used to pull dust laden air from the enclosure, through
a a 10-mm nylon cyclone and then through the cassette. At
2.0 L/min, the cyclone particle penetration approximates the
ISO respirable convention (International Organization for
Standardization 1995).

When considering a sampling airflow rate of 2.0 L /min,
the efficiency curve of the 10-mm Dorr-Oliver nylon cyclone
closely approximates the respirable dust criterion, as out-
lined by Tomb and Treaftis (1983), Page and Volkwein
(2009). As per ISO standard 7708:1995, respirable dust
refers to a fraction of inhaled airborne particles capable of
penetrating beyond the terminal bronchioles into the gas-
exchange region of the lungs. This fraction comprises parti-
cles smaller than 10 microns, with a mass median diameter
of 4 microns. It should be noted that the sampling effi-
ciency of the nylon cyclone may be influenced by factors
such as orientation, wind speed, and sampling flow rate, as
observed by Kar and Gautam (1995). Nonetheless, the parti-
cle size distribution obtained from analyzing the microscope
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Fig. 2 Particle size distribution for bulk materials used in Table 2

Table 3 Imaging acquisition settings

Settings Value
Exposure time TPP 30.51 ms
Exposure time TCP 815.06 ms
LED light source intensity 50%

Red color adjustment 1.81

Green color adjustment 1.00

Blue color adjustment 1.28
Saturation 1.00
Gamma correction 1.00
Condenser aperture 0.40
Objective magnification 40x
Camera magnification 0.63x

Total calibrated magnification 25.008x
Image resolution 12-bit
Image file format TIFF
Image height 2560 pixels
Image width 1920 pixels

Spatial calibration 87.971 nm/pixel

imagery from both the development and testing datasets
indicates that the nylon cyclone can effectively separate the
respirable fraction, as illustrated in Fig. 2.

After the first stage of sampling (i.e., deposition of the
first particle type), the sticky glass substrate was carefully
removed and mounted onto a house-made 3D-printed sample
holder which was used to maintain an x-y reference point for
the microscope stage. Then, under the microscope, the color-
coded image frame marks were used to locate the target
areas. For each area, an Olympus BX53M Polarizing Micro-
scope and Stream Start 2.3 imaging software (Olympus,

Center Valley, PA, USA) were used to capture and save a
pair of images: the first image was captured in transmit-
ted plane-polarized light (TPP) and the second image was
captured in transmitted cross-polarized light (TCP). Table 3
summarizes all the image acquisition settings, and a more
detailed explanation of the settings was previously reported
by Santa et al. (2021). After imaging, the substrate was care-
fully moved back to the sampling cassette and the second
stage of particle deposition was completed with a different
material. Finally, the same image frame areas were revis-
ited to capture a new pair of images-again in TPP and TCP.
In this way, the first pair of images only contained parti-
cles from the first material sampled, and the second pair of
images contained particles from both materials.

2.3 Particle identification, feature extraction,
and tracking

To identify individual particles in contrast to the back-
ground, the same particle identification approach detailed
in Santa et al. (2021) was followed. Briefly, a local adaptive
thresholding algorithm was used to classify image pixels
into two categories: Foreground (particles) or background
(substrate).! After performing morphological operations to
clean edges and group particle pixels together, the output is
a binary mask containing pixel category information. The
binary mask was used to extract features for each individual
particle including x and y location, size, circularity, and
gray-scale intensity. In addition, the particle projected area
diameter (PAD) was computed. Our analysis was limited
to particles with a minimum PAD of 1.5 pm to reduce the
influence of optical signals from particles beyond the resolu-
tion capabilities of the microscope. This measure was taken
to minimize the impact of potential noise caused by small
particles.

To assign a “true” identity (i.e., silica, kaolinite, coal,
or rock dust) to each individual particle in each compos-
ite sample a priori, a particle tracking algorithm (see
Algorithm 1) was developed and applied to each set of
TPP images (i.e., captured on the same frame area of a
following Stage 1, and then Stage 2 particle deposition).
In essence, it works to determine whether a particle is
present in both images (i.e., first particle type) or only
in the Stage 2 image (i.e., second particle type), which
enables direct classification based on its source mate-
rial. Figure 3 illustrates the particle tracking approach
using images for a particular frame area on a sample that

! Only the TPP images were used for identifying particles as they
were found to be the most effective for this task in earlier work (Santa
et al. 2021).
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was first loaded with silica dust and then kaolinite dust.
Using the binary masks described above, the tracking
algorithm compares the x and y coordinates and circular-
ity? for each particle identified in the Stage 2 image to
each particle identified in the Stage 1 image. If a Stage
2 image and Stage 1 image particle match, the particle
is assigned the Stage 1 particle type (e.g., silica in the
example shown in Fig. 3); if a Stage 2 image particle
does not have a match in the Stage 1 image, it is assigned
the Stage 2 particle type (e.g., kaolinite in the example
shown in Fig. 3). A match is defined as when the Euclid-
ean distance (Eq. (1)) between particles in the feature
space (i.e., for x and y coordinates, and circularity) is
below some threshold. To determine the threshold for
this task, a subset of the samples and image frames col-
lected for model development were inspected to ensure
the results matched the expected outcome closely. The

2 x, y, and circularity were chosen as features for particle tracking
working under the assumption that the particle location and shape
should not dramatically change between sequential dust collection.
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labels obtained by the particle tracking algorithm under-
went a thorough comparative analysis against stage 1 and
stage 2 images, whereby each particle’s anticipated label
was manually verified against its corresponding deter-
mined label in a subset of model development samples.
The threshold value was chosen to maximize accuracy in
particle label assignments. While the current work only
included two stages of particle deposition and imaging,
the same approach could theoretically be applied to sam-
ples generated using more stages.

d(x, y, circ) = \/(x2 —x1)% + (y, — ¥)?* + (circ, — circ))?
(H

Algorithm 1. Algorithm used to identify and track dust
particles collected during sequential deposition

Algorithm 1 Particle Tracking Algorithm

1: initialize particle labels as stage 2
2: for each particle pl in imagel do
3: X1 < create array [x1, y1, circularity;]
4: initialize distance as empty array
5: for each particle p2 in image2 do
6: X2  « create array [z2, ¥o,
circularitys)
7: distance.append(calculate_distance( X1,
X2))
end for
9: m,ind < find_minimum_distance(distance)
10: if m < threshold then
11: p2(ind).label «+ pl.label
12: end if

13: end for

Figure 4 shows additional examples of particle tracking
results for sets of Stage 1 and Stage 2 TPP images cap-
tured on three different samples (i.e., with silica + coal,
silica + kaolinite, or silica + rock dust). These examples
clearly illustrate how the particle tracking approach can
be used for direct classification of individual particles
that are loaded in stages from high-purity source materi-
als. Thus, while the classification model being developed
is intended to classify particles in real, composite sam-
ples (i.e., something akin to the Stage 2 images alone),
the particle tracking results (i.e., as shown in Table 2)
served as the “true” classification for each particle dur-
ing model development. This allowed direct evaluation
of model accuracy.
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stage 1 under both TPP and TCP lighting conditions. Images in stage
2, show coal, kaolinite, and rock dust particles deposited on samples
a—c, respectively. On TPP images, the particle boundaries have been

3 Results and discussion

3.1 Model development

3.1.1 Particle classification

The images presented in Fig. 4 illustrate the distinctions
in birefringence among various particle types. Notably,

coal particles exhibit no birefringence, silica particles are
characterized by minimal birefringence, kaolinite particles

determined for silica (orange), coal, kaolinite, and rock dust (blue) to
show automated particle tracking between dust-loading events. Anno-
tations (red) highlight dim silica particles on samples a—c during
sequential dust deposition

demonstrate moderate birefringence, while rock dust par-
ticles exhibit high birefringence. Such variations may be
effectively utilized by a classification model in order to dis-
cern and categorize dust particles.

To build the particle classification model, all 175 pairs of
TPP and TCP images that were captured following Stage 2
of dust particle deposition were used (i.e., see image frames
for model development in Table 2). Based on the particle
tracking algorithm, these included 1087 silica particles and
1769 kaolinite particles (2856 silicate particles in total),
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Fig.5 Distribution of AMPI values observed for all particles in the
model development data set. Data are split into two groups based on
whether the PAD is above or below the median value observed for the
entire data set (2.47 pm)

1947 coal particles, and 508 rock dust particles. As stated,
the TPP binary mask was used to extract features for each
particle, including the grayscale intensity. To establish clas-
sification thresholds, two grayscale intensity metrics were
used: (1) The “added mean particle intensity” (AMPI) was
calculated by summing the mean particle intensity observed
in a TPP image with that in the paired TCP image. The
AMPI exploits the birefringence of particles under TCP light
to detect differences between minerals and coal. In RCMD,
most minerals are expected to have anisotropic crystalline
structures and thus be birefringent to some extent, whereas
the coal is expected to be non-crystalline and thus non-bire-
fringent (The AMPI metric was described in the earlier work
by Santa et al. (2021)). (2) The “multiplication of the mean
grayscale intensity” (MMPI) was calculated by multiplying
the mean particle intensity observed in the TPP with that
observed in the paired TCP image. The MMPI serves as a
measure of the relative change in particle brightness between
lighting conditions. It is expected that highly birefringent
particles will have relatively higher MMPI values than less
birefringent particles.

Figure 5 shows the distribution of AMPI and MMPI val-
ues, for all particles identified in the model development
data set. For these figures, the results have been split into
two categories to visualize the effect of particle size (as
measured by PAD). The split between low and high PAD
was made based on the median value observed across all
particles in the model development data set (n = 5311). Con-
sistent with expectations based on the earlier work (Santa
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et al. 2021), higher PAD improved the separation between
coal and mineral particles using the AMPI. Higher PAD also
yielded improved separation between the mineral particle
types (i.e., the two silicates versus rock dust) using MMPI.
Given the relatively small number of particles with very high
PAD included in the model development data set, additional
splits in the data were not considered for the current work-
though this should certainly be a focus of future efforts.
Further, while reliable separation of silica and kaolinite
using the MMPI does not appear feasible under the PAD
conditions represented in Fig. 5, this could also be a topic
for future research that seeks to classify silica, specifically.
It is noted that, while particle loading density, i.e., number
of particles within the image frame, did not appear to be an
issue in the current work, this is a factor that likely would
need to be controlled in a practical application. Simply put,
if particles are in close proximity, they might interfere with
one another (Santa et al. 2021).

Using the high PAD subset of the model development
data shown in Fig. 5, AMPI and MMPI thresholds were set
to separate the three primary components (i.e., coal, silicates
and carbonates). From here, kaolinite and silica have been
grouped together as ’silicates’, and rock dust is now ’carbon-
ates’. The AMPI and MMPI thresholds shown in Fig. 6 form
the basis of a two-step classification model: in the first step,
AMPI is used to classify a particle as either coal or mineral,
and in the second step, MMPI is used to subclassify mineral
particles as either silicate or carbonate. The threshold values
were determined to minimize the differences between preci-
sion and recall across all three classes.

Precision is a statistical benchmark used to assess the
accuracy of a model’s positive predictions. To determine the
precision, the number of true positive instances is divided by
the total number of positive predictions made by the model
Eq. (2). This proportion essentially quantifies the ability to
predict positive instances correctly. (A high precision score
indicates there are few false positives in the model predic-
tions.) Recall, on the other hand, evaluates a model’s ability
to correctly identify all positive instances within a given
dataset Eq. (3). Essentially, this measure gauges whether
the model can capture all positive instances without missing
any. Thus, recall is important for assessing false negatives
(a high recall score indicates there are few false negatives.)

true positives

recision = — — 2
P true positives + false positives @)

true positives

recall = — -

true positives + false negatives 3)
In the domain of classification problems, the metrics of pre-
cision and recall are often found to be in tension with one

another, with an increase in precision leading to a reduction
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Fig.6 Distributions of a AMPI and b MMPI showing optimal thresh- »

old values, with an overall accuracy of 86.5% ¢ The confusion matrix
displays the overall count of observations in regard to true and pre-
dicted categories

in recall, and vice versa. The choice of whether to optimize
for precision or recall is dependent on the specific require-
ments of the problem. In this study, the two metrics were
balanced to assess the overall performance of the model.
To achieve this balance, the precision and recall values for
each of the three classes (coal, silicates, carbonates) were
evaluated, resulting in six values that were used to calculate
the standard deviation. The standard deviation was used to
determine the degree of difference between the values, with
a high standard deviation indicating greater divergence and
a low standard deviation indicating a more optimal balance.

A simple algorithm was employed to identify the com-
bination of AMPI and MMPI thresholds that resulted in the
minimum standard deviation (11.22%). The values of pre-
cision and recall that minimize the standard deviation are
summarized in Fig. 6¢c. Based on the selected thresholds,
an overall accuracy of 86.5% was observed for particles
included in the model development image inventory Table 2
having PAD > 2.47 um. As shown in Fig. 6, much of the
misclassification was attributed to the overlap between the
silicates and carbonates classes. In essence, some rock dust
particles had relatively low MMPI values, while some silica
and kaolinite particles had relatively high values.

3.2 Model testing

Next, the two-step classification model was challenged using
the high PAD particles (PAD > 2.47 pm) included in the
testing dataset shown in Table 2. As mentioned, the key dif-
ference between the dust particles in this data set and those
used for model development was that the silicate particles
were sourced from real mine materials (i.e., ROM rock and
bolter dust, expected to contain a range of silicate minerals)
rather than pure silica and kaolinite powders. It is noted that
the real coal and rock dust particle sources were the same for
both data sets, since these particle types are expected to be
more similar across mines in terms of their optical features.
Le., Coal is generally expected to be non-birefringent, and
carbonates are generally expected to be sourced from rock
dust products which are often made from high purity calcite.
The samples for model testing were generated and imaged
using the same two-stage procedure used for the model
development samples, and the images were processed using
the same algorithms to find particles and extract feature data.
Moreover, the particle tracking algorithm was applied to
define the true source of each particle in the testing data set.
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Model Predictions vs Particle Tracking
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Fig. 7 Analysis on testing samples containing respirable dust depos-
ited from three mine materials during stage one (mine 11 ROM rock,
mine 14 ROM rock, and mine 16 bolter dust), followed by source dust
deposition during stage two (rock dust or coal). Darker colors rep-
resent the results of the AMPI-MMPI classification model shown in
Fig. 6. Lighter colors denote the results obtained by the particle track-
ing (PT) approach

Figure 7 compares the classification model results (i.e.,
based on particle AMPI and MMPI observed in the Stage 2
composite sample images) to the results of the particle track-
ing algorithm (i.e., particles classified based on their source
material). On average the percentage difference across all
results was 4%, and across all particle classes the average
error was 4.54% for coal, 5.12% for silicates, and 2.34%
for carbonates. The highest percentage difference between
the predicted class and true source was 15.4% for estimat-
ing the silicates fraction in the sample containing Mine 16
bolter dust and coal (Mine 16 BD+C). Some discrepancies
are probably due to misclassifications, which expected to
happen more often between silicates and carbonates per
Fig. 6. This is because there is some overlap between the
range of MMPI values for silicate and carbonate particles.
Additionally, silicate particles which have low birefringence
may be incorrectly identified as coal particles (i.e., there is
also some overlap in the range of AMPI values for silicate
and coal particles).

Based on the higher average error noted above within
the silicate class, it may be necessary to conduct calibration
efforts on a mine-by-mine basis if this method were to be
implemented in the field. This is important because if the
silicates class holds for a broader range of minerals sourced
from rock strata, such a classification scheme could help
track the primary dust sources in coal mines (i.e., coal, rock
dust, and rock strata).

@ Springer

Regarding the results shown in Fig. 7, another factor in
observed discrepancies between the model classification and
particle tracking results could be due to impurities present
in the real ROM and BD source material. Impurities would
not accounted for in the particle tracking approach to direct
identification, because the tracking approach attempts to
label a particle with its true source. This should work well
for particles sourced from highly pure materials, but real
source materials have some impurities. For example, per
Table 1, respirable dust generated from the Mine 16 bolter
dust material was dominated by silicates, but it had some
carbonaceous particles. This might explain why the model
predicts somewhat more coal than the particle tracking
approach for samples containing this material. The consid-
eration of the margin of error in real mine materials when
utilizing the particle tracking approach is a crucial factor
that can impact the accuracy of the model. Such errors can
be carried over into the model-developing process and must
be taken into account in any analysis of the data.

Nevertheless, the particle tracking approach developed
for this work represents an important improvement upon
the earlier work by the authors (Santa et al. 2021). Previ-
ously, images were not captured between sampling stages
to identify particles in composite samples directly. Rather,
SEM-EDX was employed for reference measurements. This
was done by analyzing a paired sample for each compos-
ite sample that was imaged under the optical microscope,
such that the overall class distribution determined by each
method could be compared. Clearly, a more direct reference
measurement (i.e., that does not require a separate analytical
method on a separate sample) is superior for both efficiency
and for minimizing uncertainties and errors.

Although source apportionment is the main objective of
this study, the results presented here also imply that subclas-
sification of silica particles might be possible in a particu-
lar PAD range. Specifically, particle classification may be
improved as size increases. As noted above, when using a
crude split between high and low PAD datasets, the results
suggest that the classification of silica will be challenging.
Le., Even when considering particles with high PAD, there
is a significant overlap between the silica and kaolinite
MMPI values in Fig. 5. However, as PAD increases, differ-
ences in birefringence start to emerge. These results beg for
further research in a somewhat larger PAD range.

While somewhat larger particles are not “respirable” by
definition, some previous findings indicate that the distribu-
tion of particles in perhaps the 10-20 pm range might still
be representative of the respirable distribution. For instance,
analysis of airborne coal mine dust sampled with a respirable
cyclone and with custom cyclones designed to cut at 10 or
20 pm showed that dust composition does not change much
between those three fractions (Animabh et al. 2023). Thus, the
silica content in the 10-20 pm range may be a good proxy for
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silica in the respirable range-especially if field microscopy
based measurements can be initially calibrated to another
method and validated periodically in a given environment.

4 Conclusions

The preliminary laboratory work presented here demon-
strates that a simple optical microscopy approach could serve
as the basis for field monitoring of RCMD. Particles in the
respirable range can be separated into 3 main classes, which
can support source apportionment in many mines. In addi-
tion, tracking the silica component in the larger fraction spe-
cifically could be a valuable proxy for silica in some mines.

If this method is to be used in coal mines, it may be nec-
essary to conduct calibration and periodic validation work.
This is crucial because proper classification of minerals can
help identify the main sources of dust, including coal, rock
dust, and rock strata.

The work here also implies the possibility for silica clas-
sification under favorable PAD conditions. The next step
should focus on determining optimal particle size and load-
ing density to subclassify silica particles.

The particle tracking approach utilized here is a useful
technique for direct reference measurement, eliminating the
need for SEM-EDX and increasing measurement efficiency
while reducing uncertainty. Unlike SEM, the particle track-
ing method estimates dust constituents directly from image
frames, allowing for high-confidence particle identification.

Finally, although samples have been prepared to contain
the main dust constituents present in underground coal envi-
ronments, and the materials used were all obtained from
actual mine materials, further research should also include
filter samples directly obtained from sampling campaigns
in underground coal mines. This preliminary study is an
important initial step towards comprehending the constitu-
ents and sources of RCMD. In order to achieve a compre-
hensive source apportionment analysis in the future, a wider
range of dust materials from various mines will be required
to better represent the complexity of RCMD in underground
coal environments and assess the performance of the method
described in this study.
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