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Abstract

Occupational exposure to respirable coal mine dust remains a significant health risk,
especially for underground workers. Rapid dust monitoring methods are sought to support
timely identification of hazards and corrective actions. Recent research has investigated how
optical light microscopy (OLM) with automated image processing might meet this need.
In laboratory studies, this approach has been demonstrated to classify particles into three
primary classes—coal, silicates and carbonates. If the same is achievable in the field, results
could support both hazard monitoring and dust source apportionment. The objective of the
current study is to evaluate the performance of OLM with image processing to classify real
coal mine dust particles, employing scanning electron microscopy with energy-dispersive
X-ray spectroscopy (SEM-EDX) as a reference method. The results highlight two possible
challenges for field implementation. First, particle agglomeration can effectively yield
mixed particles that are difficult to classify, so integration of a dispersion method into the
dust collection or sample preparation should be considered. Second, optical differences
can exist between dust particles used for classification model development (i.e., typically
generated in the lab from high-purity materials) versus real mine dust, so our results
demonstrate the necessity of site-specific model calibration.
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1. Introduction
Exposure to respirable coal mine dust can cause occupational lung diseases such as

coal workers’ pneumoconiosis (CWP) and silicosis. According to data from the Centers for
Disease Control and Prevention (CDC), mortality from CWP declined by 69.6% and from
silicosis by 53.0% between 1999 and 2018 [1]. Nevertheless, these diseases remain significant
causes of impairment, disability, and premature death, especially among underground
workers. Figure 1 illustrates the number of reported deaths attributed to CWP and silicosis
in the United States from 2018 to 2024.

Rapid dust monitoring methods are sought to support timely identification of hazards
and corrective actions. While a real-time instrument is now available for tracking the mass
of respirable dust (i.e., the ‘continuous personal dust monitor’), there are currently no tools
enabling real-time, or even rapid, analysis of dust composition [2]. Some key limitations
include cost, size, and permissibility in coal mine environments [2,3], accuracy and calibra-
tion challenges [4–6], timeliness of measurements [3,7], and mine-specific environmental
factors [8].
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A novel approach utilizing optical light microscopy (OLM) combined with image
processing for dust monitoring has been proposed and explored by the authors of previous
studies. An initial effort demonstrated the method’s capability to distinguish between
coal and mineral particle fractions [9]. Then, a follow-up study extended this approach
by subclassifying the mineral fraction into highly birefringent carbonate particles and less
birefringent silicates (i.e., including silica and other silicate minerals), which could allow
for apportionment of the dust from three primary sources in underground coal mines
(e.g., the target coal seam, the adjacent rock strata, and the carbonate-mineral based ’rock
dust products’ that are commonly applied in mines to mitigate explosibility hazards) [10].
However, an attempt to further subclassify silica, specifically, proved unsuccessful due to
the similarity in optical features between silica and other silicate particles [11]. Nevertheless,
the dust source apportionment capability may still be valuable for improving mine dust
monitoring and exposure assessment–especially in mines where silicates are a reliable
proxy for silica (i.e., where they consistently track together).

Figure 1. Number of reported deaths from coal workers’ pneumoconiosis and silicosis in the United
States since 2018. The figure was generated using data obtained from the [12].

Notably, the aforementioned studies have explored the capabilities and limitations of
optical microscopy for classifying respirable coal mine dust in laboratory settings, using
high-purity or well-characterized materials to generate dust particles. But applying the
OLM classification technique to dust in (or collected from) real mine environments could
present additional challenges. For example, particle loading density (PLD) (i.e., the number
of particles per unit area on the dust collection substrate) is an important parameter for OLM
since it can affect the ability to separate individual particles in images—and thereby the
ability to assign optical signals to each particle. However, PLD is difficult to control during
sampling because it is influenced by both the sampling duration and the concentration
of airborne particles in the sampling environment–and the latter is difficult to know a
priori. Moreover, the distribution of dust in the mine atmosphere is inherently dynamic
and non-uniform, influenced by factors such as airflow geometry, ventilation patterns,
and the nature of dust-generating activities [13–17]. This spatial variability introduces an
additional layer of uncertainty, especially when compared to laboratory settings where
experiments are conducted under more stable and controlled conditions.
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Another potential challenge for applying OLM classification to real mine dust is the
presence of agglomerated particles [18]. Agglomerates likely form due to high dust con-
centrations in the vicinity of dust generating activities [19] and might be influenced by
particle surface properties [20], ambient humidity [21], and the use of surfactants in water
sprays [22]. Additionally, energy distribution during advanced fracturing processes can af-
fect particle size and morphology, which may in turn influence agglomeration behavior [23].
Given that agglomerates can have mixed compositions (e.g., coal and minerals clustered
together), simple classification models built on individual particles may be confused [11,19].
In essence, an agglomerate may yield composited optical signals, but the model is forced
to assign it to a single class. Finally, while a few broad mineralogy types (i.e., coal, sili-
cates and carbonates) are expected to dominate airborne dust in many coal mines [24,25],
there might be a wide distribution of optical signals associated with particles of each type.
As mentioned, the prior research [10] on dust monitoring by OLM has used high-purity and
well-characterized dust source materials to build classification models; but these may not
be comprehensively representative of real mine dust particles. Further, in real mine dust
samples, there could be minor fractions of other particle types including heavy minerals,
metals or diesel particulates [24,26–30].

The objective of the current study is to evaluate the performance of OLM with image
processing to classify real coal mine dust particles. Specifically, this work follows the
approach of a recent study with lab-generated dust particles [10] in that (a) the same
three mineralogy classes are targeted (i.e., coal, silicates, and carbonates) and (b) the
same two-step classification process is used is (i.e., categorizing particles as either coal
or minerals, then categorizing minerals as either silicates or carbonates). Here, particle
distributions predicted by the OLM method are evaluated against those determined by
scanning electron microscopy with energy-dispersive X-ray spectroscopy (SEM-EDX) as a
reference measurement.

2. Materials and Methods
2.1. Mine Dust Sampling

Coal mine dust samples for this study were collected from a room-and-pillar mine
located in central Appalachia. Sampling was conducted in three distinct locations: down-
wind of a continuous miner (DCM), downwind of a roof bolter (DRB), and near a feeder
breaker (FB). In each location, five pairs of duplicate samples were collected, each with
varying sampling times; this yielded a total of 15 pairs. Since the sample PLD is a key
parameter for OLM particle analysis, this approach was chosen to provide flexibility with
respect to selection of samples for analysis.

Each pair of duplicate samples was collected using an ESCORT ELF® pump (Zefon
International, Ocala, FL, USA), which pulled air through two 37 mm styrene filter cassettes
(Zefon International, Ocala, FL, USA) using a Y-shaped tube splitter (see Figure 2A).
The pumps were operated at a flow rate of 4 L/min, such that each cassette sampled at
2 L/min. In each location, five sampling apparatuses were mounted to a metal frame,
which was suspended from the mine roof at approximately head height (i.e., 1.6 m from the
floor). All pumps were started simultaneously, but the pumps were stopped on a staggered
schedule to vary the total sampling times.

A detailed view of the filter cassette components is provided in Figure 2B. Each
contained a polycarbonate (PC) filter (nominal pore size of 5 µm) placed on top of a
cellulose support pad. A small circular glass slide with double-sided clear acrylic tape on
top, was mounted off center on the PC surface using standard double-sided tape. This
configuration enabled the simultaneous collection of particles on two substrates: the acrylic
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tape and the PC filter. Dust particles collected on the acrylic tape were analyzed by OLM
per [10], and particles on the PC filters were analyzed by SEM-EDX [31].

Figure 2. Mine dust sampling apparatus for each location (A), and detailed breakdown of the two-
piece filter cassette components (B). The cassette includes a sticky acrylic tape mounted on a glass
slide for OLM analysis and a PC filter for SEM-EDX analysis.

2.2. Selection of Samples for Analysis

Only a subset of the collected mine dust samples were selected for analysis based on
assessment of tolerable PLD under the optical microscope (i.e., balancing sufficient loading
to enable analysis of relatively many particles per field of view with minimal observance of
physical interference between particles). Table 1 shows the selected samples (i.e., a total
of three samples from each location), which were split into two separate groups for two
stages of analysis.

The first group was used for preliminary analysis to evaluate the possible effect of
agglomerates on OLM classification. This group included a single sample from each loca-
tion, which was subjected to ’Direct-on-Substrate’ (DOS) analysis-—meaning the OLM and
SEM-EDX analysis were performed directly on the acrylic tape and PC filter, respectively.
The second group of samples was used for more in-depth evaluation of the OLM perfor-
mance following a simple procedure intended to promote particle dispersion. As shown in
Table 1, this group included six samples (i.e., one pair of duplicates from each location).
Rather than analyzing DOS, these were used to generate ’Dispersed Dust’ (DD) samples as
described below.
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Table 1. Summary of the mine dust samples used for direct-on-substrate (DOS) and dispersed dust
(DD) analysis and the corresponding number of frames imaged by OLM and SEM-EDX. For each
frame, images were captured under TPP and TCP lighting conditions.

Analysis Type Field Sample Name OLM Frames SEM-EDX Frames

DOS
DCM_N321 256 5
DRB_N321 256 5
FB_N511 256 20

DD

DCM_N511 256 52
DCM_N512 256 50

DRB_N51 50 213
DRB_N52 122 110

FB_N411 256 340
FB_N412 256 351

2.3. Preparation of Dispersed Dust Samples

Preparation of the DD samples was adapted from the procedure described by [19].
Briefly, approximately one-quarter of the PC filter (i.e., belonging to each of the six field
samples shown in Table 1) was sectioned and submerged in a test tube containing isopropyl
alcohol (IPA). The tube was placed in an ultrasonic bath for three minutes at 30 °C to
recover dust from the filter surface and disperse particles. Following sonication, the filter
section was carefully removed and the dust suspension was centrifuged at 2500 RPM for
ten minutes. Finally, small aliquots (i.e., single drops) were carefully pipetted from the
bottom of the test tube and alternately deposited onto a piece of double-sided acrylic tape
(mounted on a glass slide) and a blank PC filter (see Figure 3), and each was allowed
to dry completely in a clean hood. Thus, for each of the six field samples selected for
DD analysis, this procedure yielded two new samples, one for OLM analysis and one for
SEM-EDX analysis.

Figure 3. Sample recovery and redeposition procedure to create DD samples for OLM and SEM-
EDX analysis.

Ultrasonic dispersion was selected based on prior studies [19,32], which demonstrated
its effectiveness in reducing particle agglomeration without a substantial loss of particles
from the sample. This method was therefore considered practical for improving agglomer-
ate dissociation.

2.4. OLM Analysis

OLM analysis of both the DOS and DD samples was performed by analyzing particles
on the acrylic-on-glass substrate. The OLM analysis followed the microscope settings, im-
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age acquisition, processing, and feature extraction procedures described in [9,10]. Imaging
was performed using an Olympus BX53M Polarizing Microscope with Stream Start 2.3
software. Transmitted plane-polarized (TPP) and transmitted cross-polarized (TCP) images
were captured with exposure times of 30.51 ms and 815.06 ms, respectively, under 50%
LED light intensity. The longer exposure for TCP was required to compensate for reduced
light transmission under cross-polarized conditions, ensuring sufficient signal intensity for
accurate particle feature extraction. Color balance was adjusted to 1.81 (red), 1.00 (green),
and 1.28 (blue), with saturation and gamma both set to 1.00. A 40× objective and 0.63×
camera magnification produced a total magnification of 25.008× and a spatial resolution
of 87.971 nm/pixel. Images were saved in TIFF format at 2560 × 1920 pixel resolution.
The image acquisition process was guided by an algorithm that analyzed each frame in real
time, calculating particle sizes and maintaining a cumulative count. Once the algorithm
determined that a sufficient number of particles had been captured—specifically, more than
500 particles within the 1–40 µm size range and at least 100 particles larger than 2.5 µm—it
notified the user to stop imaging. This approach helped reduce the number of image frames
required, streamlining the analysis process.

For particle classification, the current study used a relatively simple two-step model
similar to that used by [9]. This is described in more detail below, but briefly, in Step-1,
the mean intensity of particles under plane-polarized light (MITPP) was used to distinguish
between coal and mineral particles, and in Step-2, the mean particle intensity under cross-
polarized light (MITCP) was used to distinguish between silicates and carbonates. Particle
class distributions were determined by calculating the proportion of particles in each class
relative to the total number of particles analyzed on the sample (i.e., particle number
percentage).

2.5. SEM-EDX Analysis

SEM-EDX analysis was performed by analyzing particles on the PC substrate as de-
scribed by [31]. For the DOS analysis, a 9-mm subsection was carefully cut from each
original PC filter belonging to the three samples shown in Table 1; for the DD analysis,
the subsections were cut from the six PC filters prepared with dust recovered from the
six samples shown in Table 1. Prior to analysis, each subsection was sputter-coated with
a gold/palladium (Au/Pd) layer to render it electrically conductive. The analysis was
conducted using a TESCAN FE-SEM system equipped with SE and BSE detectors, dual
EDX detectors, and an Integrated Mineral Analyzer (called ‘TIMA’, Warrendale, PA). TIMA
supports automated mineralogical analysis, enabling detailed, particle-by-particle charac-
terization. For this study, the SEM-EDX was operated at 15 kV with a brightness setting
between 16 and 18, a pixel size of 0.5 µm, a scan speed of 4, and standard segmentation
settings. Multiple randomly selected frames were analyzed per sample following the same
particle count thresholds described for the OLM analysis (i.e., at least 500 particles in the
1–40 µm range and at least 100 particles larger than 2.5 µm).

Using the EDX data, particles were categorized into the following classes: carbona-
ceous (likely coal), silicates (including silica), carbonates, or ‘others’. Then, particle dis-
tributions were calculated using the same approach as in the OLM analysis (i.e., as the
percentage of particles in each class relative to the total number of particles analyzed in the
sample). Notably, results were normalized to exclude ‘other’ particles due to their minimal
content (i.e., less than 4.6% of the total particle count in any given sample.) This enabled
direct comparison of the SEM-EDX- and OLM-derived particle distributions.
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3. Results and Discussion
3.1. Direct-on-Substrate OLM

The three mine dust samples selected for preliminary analysis (Table 1) were analyzed
DOS by both OLM and SEM-EDX. The top plots in Figure 4 show the OLM MITPP and
MITCP values (composited across all three samples) using a lower particle size threshold
of either for 1 µm (left plot) or 2.5 µm (right plot). For comparison, the bottom row of
the figure also shows MITPP and MITCP values observed for dust particles collected in
the laboratory for a previous study [10]. For that study, the particles were sourced from
high-purity materials (i.e., coal, quartz, kaolinite, limestone) and were collected onto the
same acrylic-on-glass substrate and imaged under the same conditions used here.

Figure 4. Comparison of MITCP and MITPP values observed for DD samples versus lab-generated
dust samples using lower particle size thresholds of 1 µm and 2.5 µm. For the DOS samples (panels
(A,B)), particle composition is unknown and all data points are shown in gray. For the lab-generated
samples (panels (C,D)), particle sources are known and data points are color-coded by material: Coal
(black), Kaolinite (red), Carbonates (blue), and Silica (orange).

Comparing the results for mine dust samples collected for the current work to those
for the previously lab-generated samples, there are two main differences observable from
Figure 4. First, the mine dust samples show much broader scatter toward the left side
of the feature space. The data points observed in the region of low MITPP and high
MITCP values in these samples represent particles that appear relatively darker under
plane-polarized light but brighter under cross-polarized light. This might be related to
the presence of agglomerated particles composed of mixed constituents, which can lead
to complex interactions with optical signals. Compared to the lab samples, the mine dust
samples might have been more susceptible to particle agglomeration–either due to the
inherent nature of dust particles in the mine environment [19] or the fact that they were
collected without the same cyclone size-selector used in the lab.
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Second, overall, the field sample data appear to be shifted down and to the left (i.e.,
lower MITCP and MITPP values). The shift toward lower MITCP values might again
be related, at least in part, to agglomeration of particles. For example, agglomerates
containing both coal and minerals might illuminate less under TCP. However, the shift
leftward toward lower MITPP values implies additional–and yet unexplained–differences
between the field and lab-generated dust particles. One possible factor contributing to
the presence of darker particles (low MITPP/MITCP) could be diesel particulate matter
(DPM), as diesel equipment was operating in the study mine during sampling. While DPM
particles are typically submicron in size, they may agglomerate with larger dust particles,
potentially reducing brightness under both TPP and TCP conditions. However, we were
unable to confirm the presence of DPM using the SEM-EDX method employed here, so this
explanation remains speculative.

The optical signals observed in this study may also reflect differences in particle mor-
phology, which is influenced by dust generation mechanisms. For example, fracture pro-
cesses during cutting or blasting can produce angular particles with variable birefringence,
while high-energy fracturing methods can yield finer, more irregular fragments [23,33].
Such morphological variability adds another layer of complexity to optical classification
and warrants further investigation in future work.

Taken together, the above points indicate that an OLM model established with lab-
generated samples is unlikely to yield accurate classification of particles for the mine dust
samples. As an example, Figure 5 presents results for the three DOS mine dust samples
using an OLM classification model that was developed with MITPP and MITCP thresholds
derived from the lab-generated particles shown in Figure 4. (For this exercise, the model
was developed and applied using a 2.5 µm lower particle size threshold). In essence,
the model is attempting to use the MITPP threshold to differentiate coal from minerals
(Step-1), and the MITCP threshold to differentiate silicates from carbonates (Step-2). In
Figure 5, the top row of bar charts (Panels A-C) shows the results for Step-1 classification on
each of the three DOS samples, with the SEM-derived results as reference, and the scatter
plot (Panel D) summarizes the OLM prediction errors (i.e., versus SEM results); the bottom
row (Panels E-H) shows the same for Step-2. It is immediately obvious the first classification
step is unsuccessful, with the OLM substantially overpredicting the proportion of coal
particles (and thereby underpredicting the proportion of mineral particles). This fits with
the shift in MITPP values between the lab-generated particle data and mine dust particle
data shown in Figure 4. While the OLM predictions are apparently improved for Step-2, it
must be noted that the classification model is only considering a fraction of the true mineral
particles in this case (i.e., since many particles were misclassified as coal in Step-1).

The unsuccessful outcome demonstrated by Figure 5 is not entirely surprising, as real
coal mine dust particles are expected to be significantly more complex than high-purity
particles collected in the lab. In the mine environment, optical signals can be influenced by
numerous factors, including particle agglomeration, compositional heterogeneity, moisture
content, and the presence of impurities. Because optical sensors detect a composite signal
from such particles, accurate classification becomes challenging. This issue is particularly
problematic when classification models are trained on high-purity, well-dispersed particles
of single composition. Incorporating a particle deagglomeration step as a pretreatment
could significantly enhance classification accuracy by ensuring more representative and
separable particle features. Moreover, calibrating classification models using mine-specific
data could offer a practical and efficient way to adapt optical methods. Therefore, the next
section describes more in-depth work designed to (a) mitigate the presence and effect of
agglomerated particles and (b) establish a mine-specific calibration model.

https://doi.org/10.3390/min16010015
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Figure 5. Preliminary results for DOS mine dust samples using a classification model based on
the lab-generated dust results shown in Figure 4 with a 2.5 µm size threshold. Panels (A–C) show
outputs from Step-1, which estimates coal and total mineral fractions. Panels (E–G) present results
from Step-2, which further separates the mineral fraction into carbonates and silicates. Panels (D,H)
display predicted vs. reference values for Step-1 and Step-2, respectively. The red diagonal line in
panels (D,H) indicate perfect agreement, and vertical deviations from this line represent the error
between OLM predictions and SEM-EDX-based validation.

3.2. Dispersed Dust OLM

To address the issue of agglomerated particles in the mine dust samples, the recovery
and redeposition procedure described earlier was used to generate samples for DD analysis
(i.e., using the six mine dust samples shown in Table 1).

To evaluate the effectiveness of ultrasonic dispersion, we compared the percentage
of agglomerated particles (PAP) in untreated (DOS) and dispersed (DD) samples using
SEM-EDX analysis. Table 2 summarizes PAP values by mine location and size threshold.
On average, DOS samples exhibited a PAP of 39.28% and 62.01% for size thresholds of
1 µm and 2.5 µm, respectively. In comparison, DD samples showed a PAP of 29.04%
and 43.66% for the same thresholds. For the 1 µm threshold, the PAP difference between
ultrasonically dispersed samples and untreated samples was 10.24%, whereas for the 2.5 µm
threshold, the difference increased to 18.35%. Although ultrasonic dispersion did not
eliminate agglomerates entirely, the observed reductions indicate meaningful improvement
in particle separability, which likely contributed to better OLM classification performance.

Figure 6 shows the DD sample results in terms of MITPP and MITCP values observed
with OLM. (Again, the bottom row shows the values for lab-generated dust samples for
comparison.) Clearly, the dispersion procedure facilitated at least some deagglomeration of
particles, thereby reducing the scatter observed in the left region of the feature space with
DOS analysis.

Although the DD data shown in Figure 6 exhibit improved alignment with the lab-
generated dust data from the prior study [10], key differences remain. The DD results show
a higher concentration of particles with relatively low values for both MITPP and MITCP,
clustering in the lower-left region of the feature space. The differences in the MITPP values
are most noticeable, and the maximum and mean MITPP values are shifted even lower for
the DD results than for the DOS results. Respectively, the maximum MITPP values are 2971
versus 3005 (as compared to 3258 for the lab-generated dust particles), and mean values
are 2281 versus 2386 (as compared to 2800 for the lab-generated particles). This suggests
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that individual mine dust particles collected for this study are often darker than even the
high-purity coal particles collected in the lab for the previous study [10]. This could be
related to the abundance or quality of coal dust particles in the study mine, or the presence
of constituents (e.g., DPM) which are not accounted for here. In any case, the results shown
in Figure 6 clearly indicate that—even after dispersion—an OLM classification model based
on lab-generated dust particles is not suitable for the mine dust samples.

Table 2. Percentage of agglomerated particles (PAP) for DOS and DD samples by mine location and
size threshold.

Analysis Type Field Sample Name PAP 1 µm (%) PAP 2.5 µm (%)

DOS
DCM_N321 38.78 51.91
DRB_N321 36.68 62.16
FB_N511 42.37 72.29

DD

DCM_N511 30.05 52.41
DCM_N512 35.97 51.41

DRB_N51 22.40 24.34
DRB_N52 32.90 45.29

FB_N411 27.27 46.19
FB_N412 25.65 42.33

Figure 6. Comparison of MITCP and MITPP values observed for DD samples versus lab-generated
dust samples using lower particle size thresholds of 1 µm and 2.5 µm. For the DD samples (panels
(A,B)), particle composition is unknown and all data points are shown in gray. For the lab-generated
samples (panels (C,D)), particle sources are known and data points are color-coded by material: Coal
(black), Kaolinite (red), Carbonates (blue), and Silica (orange).

To develop a mine-specific classification model, the available DD dataset (Table 1)
was divided in half such that one sample from each duplicate pair was used for model
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development and the other was used for testing. This decision is supported by the good
agreement between duplicates with respect to the SEM-derived particle distributions shown
in Table 3. The SEM-derived results were again taken as reference for the OLM results.

Table 3. SEM-derived distribution of coal, silicate and carbonate particles in each of the samples
generated for DD analysis.

Sample B Silicates (%) Carbonates (%)

DCM_N511 9.77 88.84 0.39
DCM_N512 7.67 91.51 0.83
DRB_N51 9.20 84.40 6.40
DRB_N52 12.16 81.96 5.88
FB_N411 35.97 56.95 7.08
FB_N412 31.15 55.52 11.33

To construct the model, an error minimization strategy was employed to iteratively
determine optimal thresholds for MITPP and MITCP using observations from all three DD
‘development’ samples. In each iteration, a candidate MITPP value was applied in Step-1:
Particles with MITPP values less than or equal to the threshold were labeled as ‘coal’, while
those exceeding the threshold were labeled as ‘mineral’. Then, the resulting coal-to-mineral
particle distribution was compared to the distribution determined by SEM-EDX analysis.
The classification error was calculated based on the difference between the OLM-derived
and SEM-derived distributions. Similarly, iterations were performed to find the optimal
MITCP threshold to classify mineral particles in Step-2: Particles with MITCP was less than
or equal to the candidate MITCP value were labeled as ‘silicate’, while those exceeding
the threshold were labeled as ‘carbonate’. And, again, the OLM-derived and SEM-derived
distributions were compared.

The calibration process was performed using two lower particle size thresholds: 2.5 µm
and 1 µm. However, the optimal thresholds for MITPP (1893) and MITCP (1103) were
identified based on the minimization of average classification error when applying the
2.5 µm threshold in Step-1 and Step-2, respectively (see Figure 7).

Figure 7. Average calibration error for Step-1 (left) and Step-2 (right) for the three DD samples used
for model development with a 2.5 µm lower size threshold. The red dotted line indicates the optimal
parameter value that minimizes the average error, as determined using SEM-EDX analysis as the
validation reference.

Figure 8 presents the results when the mine-specific classification model (i.e., using
the optimal MITPP and MITCP thresholds from Figure 7) was applied to the three DD
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‘testing’ samples, using a 2.5 µm lower particle size threshold. Like the layout in Figure 5,
in Figure 8 Panels A-C show the results for Step-1 classification on each sample, and Panel
D summarizes the OLM prediction errors; and Panels E-H show the same for Step-2. This
time, however, there is substantially better agreement between OLM predictions and SEM-
derived reference measurements for classification of coal versus minerals (Step-1). Across
all three samples, the root mean squared error (RMSE) is about 7% when using the mine-
specific model, but was nearly 69% when using the model developed using lab-generated
samples of high-purity materials. This demonstrates the potential for a mine-specific OLM
model to classify coal versus mineral dust particles–even in the respirable size range.

For subclassification of minerals as silicates versus carbonates (Step-2), the results
yielded by the mine-specific model are less compelling. In fact, the RMSE values derived
from the data in Figures 8 and 5 are similar (i.e., about 9% versus 4%). This is at least
partly attributed to the fact that all the field samples collected for this study had relatively
low percentages of carbonates (i.e., less than 20% based on SEM-EDX analysis), which is
an unfavorable condition for calibration exercises–if even representative of real mining
environments. Nevertheless, the results also suggest that optical separation of major
mineral classes is inherently challenging with real mine dust particles. This might be due to
a relatively wide range of mineral types with overlapping optical features, impure particles
(e.g., aggregates), or the persistence of some agglomerates in the DD samples generated in
the current work [10].

Beyond the low abundance of carbonates and potential agglomeration effects, the sub-
optimal performance in Step-2 likely reflects intrinsic similarities in optical properties
among silicate minerals. Prior laboratory studies have shown that quartz and clay minerals
(e.g., kaolinite) exhibit overlapping optical features under polarized light, making them
difficult to distinguish [9,10]. The current work suggests that some overlap may also occur
between silicates and carbonates in real mine dust, further complicating subclassifica-
tion. These findings indicate that optical separation of major mineral classes is inherently
challenging and may require more advanced feature extraction or complementary analyti-
cal techniques.

To observe the relative effect of particle size, a variation of the mine-specific model
was also developed and tested with a lower particle size threshold of 1 µm. (Notably, this
exercise used the same initial dataset considered for the model with a 2.5 µm threshold; the
threshold was simply changed.) Table 4 compares the prediction errors for both 1 µm and
2.5 µm size thresholds. A slight improvement can be seen for the Step-1 results, which fits
with the notion that finer particles are more prone to classification errors [9,10]. However,
there is negligible difference for the Step-2 results, which may be related to any of the above
factors challenging subclassification of mineral particles.

Table 4. Step-wise prediction error percentage for DD samples reserved for mine-specific classification
model testing.

Step DCM_N511 DRB_N51 FB_N411 RMSE

1 µm Step-1 17.49 2.14 4.78 10.54
Step-2 12.14 2.03 6.33 7.99

2.5 µm Step-1 8.28 3.81 8.59 7.23
Step-2 14.06 0.36 5.33 8.68
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Figure 8. Results of calibrated mine-specific classification model on the three DD samples reserved
for testing using a 2.5 µm size threshold. Panels (A–D) show outputs from the Step-1 model, which
estimates coal and total mineral fractions. Panels (E–H) present results from the Step-2 model, which
further resolves the mineral fraction into carbonates and silicates. Panels (D,H) display predicted vs.
reference values for the Step-1 and Step-2 models, respectively. The red diagonal line in panels (D,H),
indicate perfect agreement, and vertical deviations from this line represent the error between OLM
predictions and SEM-EDX-based validation.

While the mine-specific calibration approach demonstrated promising results for
classifying coal versus mineral fractions, the scope of this study was limited to samples
collected from only three locations within a single mine. This narrow dataset constrains the
generalizability of the findings and the developed model. Dust characteristics—including
particle size distribution, mineralogy, and optical properties—can vary substantially across
mines with different geological conditions, mining methods, and dust control practices.
Therefore, the current model should be considered preliminary and site-specific. Future
research should expand the dataset to include samples from multiple mines representing
diverse geological settings and operational conditions. Such work will be critical to de-
termine whether a robust, generalized OLM classification model is feasible or whether
mine-specific calibration will remain necessary for practical implementation.

4. Conclusions
The findings of this study indicate that OLM-based classification of field samples is

likely to be complicated by mixed or agglomerated particles that yield composite optical
signals, suggesting that steps to promote dispersion during sampling or sample prepara-
tion could improve performance. Moreover, because the optical properties of real mine
dust differ from those of the high-purity reference materials typically used in laboratory
calibration, mine-specific OLM model calibration appears necessary.

In the current work, after taking steps to disperse field samples and build a mine-
specific calibration, the results suggest that reliable classification of coal versus mineral
fractions is achievable, even for respirable-sized particles. This capability could be quite
valuable since, in many mining environments, the mineral fraction of respirable dust poses
the greatest health hazard; thus, reliable classification of coal versus mineral particles could
provide a practical means to track and manage exposure risks. However, subclassification
of the mineral fraction was not possible here.
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Several limitations of this study should be recognized. The dataset was small, with all
samples collected from only three locations within a single mine. Consequently, the mine-
specific model developed here cannot be assumed to generalize across different mines or
geological conditions. Future work should prioritize expanding the dataset to include sam-
ples from multiple operations with varied dust sources and mining practices to determine
whether a robust, generalized model is achievable. Further, all samples collected for this
study exhibited relatively high silicate-to-carbonate ratios. This limits the insights that can
be drawn from the attempt to subclassify the mineral fraction of the dust.
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