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Abstract

Airborne contamination has long been acknowledged as a health hazard in underground mining. With a changing regula-
tory environment in the United States surrounding respirable crystalline silica and other respirable particulates, new tools
are required for the assessment of contamination behaviors in underground working environments. Current methods for
the simulation and modeling of ventilation systems either lack sufficient spatial resolution or require computational meth-
ods that preclude real-time assessment of airborne contamination distributions. Mine ventilation networks are commonly
employed for ventilation system design and control, but the one-dimensional graph representation of the network makes
contamination behavior within a discrete airway mathematically unobservable. Computational fluid dynamics methods are
not suitable for real-time modeling and monitoring despite the superior spatial resolution these methods provide because
of the time required for computation and computational barriers to modeling large excavations. We present a real-time
contamination monitoring platform leveraging spatial statistics to provide improved spatial resolution compared to mine
ventilation network representations while avoiding the computational costs of numerical simulation of the Navier—Stokes
equations. Statistical Air Monitoring - Underground (SAM-UG) was developed for the assessment of particulate matter
concentration distributions in underground working environments using low-cost, real-time air quality monitors to provide
an improved insight into airborne contamination distributions for use in ventilation design and health risk assessment.
SAM-UG yielded a total monitoring uncertainty of 30.4% and average RMSE of 0.54pug/m3 during testing in a portion
of an underground mine, similar to existing real-time dust monitoring devices employed in the mining industry.

Keywords Underground mining - Particulate matter - Real-time monitoring - Airborne contamination - Kriging -
Manifold embedding - Quasimetric embedding

1 Introduction Federal Regulations §75.351. These systems are referred to

as atmospheric monitoring systems (AMSs), but no simi-

Real-time air quality monitoring in underground mines
remains an under-explored avenue for improved ventilation
engineering and health and safety intervention (Shriwas and
Pritchard 2020). In the United States, real-time air qual-
ity monitoring is only required in some underground coal
mines, which are required to monitor carbon monoxide in
certain areas as prescribed under United States 30 Code of
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lar guidelines exist for other airborne contaminants, nor for
other types of underground operations that mine other com-
modities. Underground metal and nonmetal mines in the
United States, at current, have no regulations pertaining to
the real-time monitoring of airborne contamination. None-
theless, with a changing landscape regarding permissible
exposure limits for respirable crystalline silica (RCS) and
concern about exposure to diesel particulate matter (DPM)
in the United States, more considerations should be made to
facilitate real-time monitoring of particulate matter concen-
trations in underground mines.

Real-time monitoring of particulate matter can be
achieved using optical particle counting (OPC) technology
by estimating mass concentrations based on particle counts
across specific size bands. Briefly stated, OPC particulate

@ Springer


https://doi.org/10.1007/s00477-026-03192-4
http://crossmark.crossref.org/dialog/?doi=10.1007/s00477-026-03192-4&domain=pdf&date_stamp=2026-3-6

77 Page2of 18

Stochastic Environmental Research and Risk Assessment (2026) 40:77

matter monitors use a laser mounted across from a detec-
tor to estimate counts of various particle sizes based on the
degree of light scattering measured at the detector (Xu 2015).
Various considerations for the use of OPC monitors have
been made, especially focusing on their applicability to the
mining industry. Adoption of OPC-based monitors are slow;
no OPC-based monitors have been approved by the United
States Mine Safety and Health Administration (MSHA) for
regulatory monitoring. Currently, the only monitor approved
by MSHA for regulatory monitoring of particulate matter,
specifically respirable coal mine dust (RCMD)), is the gravi-
metric, filter-based Thermo Scientific PDM3700, developed
by Thermo Fisher Scientific in Waltham, Massachusetts,
USA (Halterman et al. 2018; Volkwein et al. 2006). The
Thermo Scientific PDM3700 is notably a personal monitor,
which provides a picture of individual exposure to particu-
late matter, but is sold for upwards of $15,000 USD (Halter-
man et al. 2018). Non-regulatory area monitors using OPC,
such as the Trolex Air XD, are available at a reduced price
point, but the $7,000 USD monitor presents an acquisition
cost higher than operations may be willing to accept, espe-
cially if multiple areas need to be monitored at one time.

Particulate matter encompasses a wide range of human
respiratory health hazards of interest in underground min-
ing. Examples of particulate matter can include RCMD,
RCS and DPM, among many other species. While these can
all be considered under the larger umbrella of particulate
matter, current OPC technology is incapable of differenti-
ating across contaminant species and can struggle greatly
to accurately count fibrous particles or particles with an
aerodynamic diameter smaller than 0.3 um (Baron 2016).
This greatly complicates the adoption of OPC technology
for occupational exposure assessment because contaminant
species and geometry are the drivers of health outcomes,
such as coal worker’s pneumoconiosis in the case of RCMD
or silicosis in the case of RCS (Donoghue 2004; Laney and
Weissman 2014). Nonetheless, OPC technology presents
an avenue to provide a first-line indication of airborne par-
ticulate contamination as developments in real-time, spe-
cies-specific particulate matter monitoring technology are
ongoing.

Various low-cost real-time OPC monitors are available.
These low-cost monitors have similar performance com-
pared to traditional filter and OPC monitors. Ghamari et al.
(2022) compared three low-cost OPC particulate matter
monitors and found that the accuracy and precision of the
low-cost monitors is largely comparable to the accuracy
and precision of traditional OPC monitors. Critically, these
low-cost monitors have reduced accuracy and precision at
higher mass concentrations of particulate matter. Amoah
et al. (2023) suggested that low-cost OPC monitors display
similar resistances to changes in temperature and humidity
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as compared to traditional filter and OPC monitors. Wolfe
et al. (2024) conducted a one-year field study using low-cost
OPC monitors to assess trends in PM at various locations
in the material processing facilities of the mine. This study
demonstrated the applicability of low-cost OPC monitoring
to mining environments over a long-term installation period
with the express focus of exposure assessment and mitiga-
tion for mine workers.

The field study from Wolfe et al. (2024) highlights a spe-
cific issue with any low-cost area monitoring project. While
low-cost real-time OPC monitors are promising, it is still
unclear where to place monitors in order to gain the best
understanding of contamination dynamics and behaviors.
Similarly, there are questions of how many monitors to use
(Wolfe et al. 2024). Of the study of underground coal mines
in the United States using AMSs conducted by Rowland
et al. (2018), the average underground coal mine uses 38
real-time monitors in its AMS. At its core, these open ques-
tions indicate a readiness to use low-cost real-time OPC
monitors, but there is no general consensus for their appli-
cation. This leads to concerns about placement and ensuring
that observed data accurately reflects contamination dynam-
ics. Requist and Momayez (2025) discusses the placement
of air quality sensors in underground mines based on the
number of available sensors while remaining cognizant of
contamination fate and transport phenomena. In a similar
vein, Shriwas and Pritchard (2020) discuss this problem in
relation to ventilation monitoring and control, additionally
suggesting that this question might be better answered with
the development of a mathematical method to estimate con-
tamination concentrations between sensors. A mathematical
method to determine concentrations between sensors would
provide a clearer picture of contamination dynamics, allow-
ing OPC monitoring to be used to its fullest extent.

Current air quality monitoring paradigms in underground
mines can lead to systems that are relatively data-dense but
information-poor. Wolfe et al. (2024) yielded large volumes
of data, but these data were difficult to interpret as meaning-
ful information for the purpose of contamination distribu-
tion monitoring. Environmental monitoring across a variety
of contaminant species is commonplace in underground
mines, largely as personal monitors or, less frequently, as
area monitors. While this can provide large amounts of data,
care must be taken to convert those data into meaningful,
actionable information (Brown Requist et al. 2023). With
a suggestion in Shriwas and Pritchard (2020) to develop a
means to estimate contamination concentrations between
sensors, fixed air quality monitoring data could provide
more information about contamination behaviors. This
could instead lead to a real-time monitoring paradigm that
returns a distribution of airborne contamination concentra-
tions rather than requiring operations to make ventilation
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and health and safety decisions based on location-specific
point data (Brown Requist et al. 2023).

As a possible answer to the contamination question
posed by Shriwas and Pritchard (2020), spatial statistics is
a promising method to provide an estimate of contamina-
tion concentrations between sensors, and can provide higher
spatial resolution than modeling via mine ventilation net-
work (MVN) analysis. MVN models are one-dimensional
structures. Because MVNs are represented as graphs, these
graphs greatly limit any ability to estimate conditions at
different points within an airway. This is because under a
graph representation of a mine’s ventilation system, airways
must be represented as edges of a graph. Using an MVN
solver, the edges of the graph are the subjects of simulation.
This means that there is no means to achieve a higher spatial
resolution than the entire airway. Ultimately, this limits the
applicability of MVNs for real-time contamination model-
ing within discrete airways (Requist et al. 2024; Shriwas
and Pritchard 2020). While the graph representation of the
ventilation system facilitates fast calculation that is desir-
able for iterative ventilation design and planning, the lack
of spatial resolution makes it unfit for real-time monitor-
ing and modeling of airborne contamination distributions
in underground mines. Spatial statistics, however, is not
dependent on the graph representation of the mine, and can
instead represent the ventilation system as a set of discrete
points. This allows for significantly higher spatial resolu-
tion, meaning that airborne contamination can be modeled
below the airway-level.

Alternatively, computational fluid dynamics (CFD) has
the potential to provide much higher spatial resolution, but
the computational complexity disqualifies the use of CFD
as a real-time monitoring system. Because CFD methods
require numerical solutions to the Navier—Stokes equations,
the computational overhead of CFD modeling prohibits real-
time monitoring. Popular CFD models for indoor particle
dispersion modeling include RNG k-¢, Realizable k-, and
SST k-w. While CFD models can yield high-quality real-
izations of air and contaminant behavior in turbulent flow
regimes, the corresponding size of these models pose a sig-
nificant barrier Lawson et al. (2012). Further, readily avail-
able and less computationally complex Euler-Euler models
struggle with particle dispersion modeling with an inability
to consider particle deposition. Euler-Lagrange models per-
form better with particle dispersion, especially SST k-w, but
are also more computational complex (Zabihi et al. 2025).
While demonstrated as somewhat reliable for computational
modeling of particulate transport, CFD simulation remains
impractical for large-scale simulated environments and
impossible for real-time modeling and monitoring.

CFD simulation is notoriously sensitive to grid size (Mora
et al. 2002), has limited options for experimental validation

(Chang et al. 2020; Duan et al. 2021; Zhang et al. 2021;
Zhou et al. 2013), and is incapable of handling simulations
at mine-scale with current computational resources (Chang
et al. 2020; Duan et al. 2021; Yuan et al. 2016; Zhang et al.
2021; Zhou et al. 2013). Yuan et al. (2016) used CFD for the
modeling of mine fires, but struggled to model large mine
sections because the size of the model would require an
unfeasible amount of time to simulate multiple time-steps
in succession. This is similarly discussed in Zhang et al.
(2021), where the authors used CFD to model DPM emis-
sions as a means of improving MVN modeling of DPM. The
CFD model associated with Zhang et al. (2021) required
multiple simplifications to allow for simulation. Naturally,
these issues are not conducive to a real-time monitoring
system. Similar to CFD, the derivative Fast Fluid Dynam-
ics (FFD) methods are still too computationally intensive
to allow for real-time modeling of complex systems like
an underground mine’s ventilation system. These methods
additionally display considerable error when compared to
experimental data, raising questions of the reliability and
applicability of FFD models (Zheng et al. 2022). Given the
space and time complexity of CFD methods, CFD cannot
be used for the real-time monitoring of contamination dis-
tributions in underground mining environments, and other
options must be explored.

Spatial statistics presents an option in between MVN
solvers and CFD simulation that provides improved spatial
resolution when compared to MVN solvers, and reduced
processing time when compared to CFD simulation. The
use of spatial statistics stands to provide an estimate of air-
borne contamination concentrations with higher resolution
while remaining fit as a real-time monitoring system. Spa-
tial statistics for the estimation of airborne contamination
has been successful in the monitoring of outdoor air quality.
Vicedo-Cabrera et al. (2013) used universal Bayesian krig-
ing to estimate environmental exposures to nitrogen dioxide
and sulfur dioxide. Before that, Sahu and Mardia (2005)
used a Bayesian kriged Kalman model to forecast airborne
contamination in an urban area. Somewhat more recently,
Beauchamp et al. (2017) and Beauchamp et al. (2018)
explore different methods to improve the performance of
statistical air quality models. The methods presented in
Beauchamp et al. (2017) and Beauchamp et al. (2018) make
use of various detrending methods. Beauchamp et al. (2017)
modifies the distance metric used in kriging. Beauchamp
et al. (2018) detrends the input kriging data by estimating
traffic contributions to air quality.

Brown Requist and Momayez (2024a) focused on a small-
scale test with various ordinary kriging methods and spatial
structures using synthetic data for the assessment of carbon
monoxide for underground coal mining. This work showed
that ordinary kriging is a promising avenue for real-time
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contamination distribution modeling in underground min-
ing environments, but more work is needed to validate the
performance of spatial statistics with experimental data.
Brown Requist and Momayez (2024a) showed that spatial
statistics should theoretically be capable of assessing con-
tamination distributions, but the overall workflow required
an extensive understanding of spatial statistics to construct
estimations, such as the selection of model variogram equa-
tions. Additionally, there is a need to develop a definitive
estimation workflow and software platform to facilitate
real-time monitoring based on spatial statistical estimation
of airborne contamination distributions with fixed air quality
monitoring. This definitive workflow and software platform
should ideally remove the need for an in-depth understand-
ing of spatial statistics by way of automated determination
of covariance structures, model validation, and contamina-
tion distribution estimation.

We present an initial attempt at a real-time monitoring
platform that utilizes multiple variogram equations and spa-
tial realizations of mine geometry. This platform, referred
to as Statistical Air Monitoring - Underground (SAM-UG)
was developed for use in a portion of an underground min-
ing research facility in Sahuarita, Arizona. SAM-UG was
originally designed to monitor particulate matter but the
statistical basis for estimation makes the platform transfer-
rable to other airborne contaminants. This platform uses
low-cost OPC monitors to estimate distributions of PMs 5
across a portion of an underground mine excavation using
fixed sensing data obtained from monitors installed on the
ribs of the excavation. This initial platform will serve as a
basis for additional statistical and computational geometric
developments to improve airborne contamination distribu-
tion estimation quality in SAM-UG.

2 Methods

SAM-UG leverages spatial statistics for the estimation of
real-time airborne contamination distributions using fixed
air quality sensing. Developed in C++, estimated distribu-
tions are constructed using ordinary kriging across a variety
of spatial realizations and three model variogram equations.

2.1 Preprocessing of spatial structure

To facilitate kriging, distances between fixed air quality
monitors and estimation locations within the underground
working environment must be calculated to determine the
relevant kriging weights. These distances can be calculated
in preprocessing because these distances do not meaning-
fully change unless the excavation itself changes. These
distances are calculated under two distinct spatial structures.

@ Springer

Linear (Euclidean) distances are straightforward to cal-
culate as per Eq. 1:

d=1[b—all (1

where d is the Euclidean distance between points ¢ and b (in
local mine coordinates) as calculated via the L2 Norm.

Naturally, linear distances do not have any means to
account for an excavation’s geometry, meaning that dis-
tances measured may assume that contamination behavior
is unimpeded by the presence of rock or other solid inter-
faces such as stoppings or seals. Some other metric could
be constructed to account for excavation geometry and air-
flow behaviors to better reflect spatial variability. Brown
Requist and Momayez (2024b) details the construction of
a surrogate distance value that respects air flow direction
and excavation geometry. This method is used to account
for airborne contamination behaviors by assigning distance
values based on the direction of contaminant transport as
mediated by the mine’s ventilation system. Formally stated,
the surrogate distance value calculation method presented
in Brown Requist and Momayez (2024b) describes a qua-
simetric embedding (QE) of the mine ventilation system.
This embedding preserves effects of air flow and excava-
tion geometry which can be used to approximate a manifold
over which kriging can proceed. The resulting space retains
a euclidean distance, but additionally has a quasimetric that
accounts for the effective distance between locations within
the excavation when considering airflow and geometry. This
effective distance value is not a proper metric, as it does
not display symmetry. In essence, the distance between a
point A and another point B is not identical to the distance
between B and A at all points within the manifold (Wil-
son 1931). For example, if A is upwind of B, the effective
distance from A to B should be smaller than the effective
distance from B to A because airborne contamination will
preferentially flow along the direction of airflow. Practically,
this is most similar to the use of non-linear distances for
kriging or shortest-path distances for ordinary kriging with
locally varying anisotropy (Boisvert and Deutsch 2008; Ver
Hoef 2018).

While linear distances lead to kriged estimations which
consider a straight line relationship governing data covari-
ance, this does not yield a realistic representation of data
conditions, as airborne contaminants cannot travel through
rock. The surrogate distance value calculated to account
for airflow is used as the QE distance which then facili-
tates kriging using the QE framing. The use of QE dis-
tances allows for the assessment of data covariance (and
subsequent modeling of the covariance function) such that
airflow is respected. In practice, moving from an upwind
position to a downwind position is, in essence, a "shorter"
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Fig. 1 Visualization of the latent space presented by the quasimetric
embedding. The vertical axis represents the relative distance as mea-
sured from the red dot to all other parts of the mine (Euclidean projec-
tion in gray). All coordinate values are relative to preserve aspect ratio
and not indicative of any specific distances or units

distance than vice versa. This means that upwind-to-down-
wind movements are measured as significantly smaller
distances than downwind-to-upwind movements. Figure |
highlights this relationship, with the vertical axis indicating
the QE distance as measured from one point (red dot) to all
other points within the mine. This is an attempt to visualize
the QE of the ventilation system, but is a small view of the
latent space, and this representation of the latent space holds
for only the single point. Each point within the ventilation
system has its own set of QE distances from that point to
every other point in the system. As such, it is impractical
to attempt to visualize the entirety of the QE, as this would
require at minimum 2n? dimensions to faithfully represent
in a Euclidean framing.

Linear and QE distances were calculated using Flow-
star version 0.2.1, a free computer program developed fol-
lowing methods outlined in Brown Requist and Momayez
(2024b). Flowstar facilitates the modeling of airflow and
construction of the QE so that QE distances can be used
for kriging. Preprocessing of these distances removes the
need for SAM-UG to calculate these distances as a part of
the estimation workflow, reducing the time needed to pro-
duce a viable contamination distribution estimate. This pre-
processing step is conducted using Flowstar to arrive at the
QE distances which are then used to construct the required
covariance structures. These QE distances are not used as
kriging weights directly, but are instead used to define the
covariance function used in the kriging system of equations
that ultimately result in the kriging weights for estimation.

Fig. 2 PurpleAir Classic air quality monitor installed in the under-
ground mining facility connected to a rechargeable 20 Ah battery

By considering linear and QE distances within the SAM-UG
platform, the best spatial structure can be selected to yield
an estimated contamination distribution with the smallest
estimation uncertainty.

2.2 Placement of air quality sensors

Fifteen PurpleAir Classic air quality monitors (PurpleAirs)
developed by PurpleAir, Inc in Draper, Utah, USA, were
placed in a portion of an underground mining research facil-
ity in Sahuarita, Arizona. The PurpleAir Classic uses two
PMS-5003 laser particle counters manufactured by Planto-
wer Technology in Nanchang, Jiangxi, China with a count-
ing efficiency of 98% and a maximum consistency error of
10%, yielding a total sensing uncertainty of approximately
+12%. Each PurpleAir was mounted to an ABS enclosure
and powered with a rechargeable 20 Ah battery (Fig. 2).
This allows for a continuous monitoring time of approxi-
mately 100 h before the battery must be recharged. Monitor
installation locations were determined using EPAQS ver-
sion 0.3.1, based on the Efficient Placement of Air Qual-
ity Sensors (EPAQS) algorithm as presented in Requist and
Momayez (2025). This algorithm considers the QE distance
between locations within the excavation to return a set of
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sensor spacings that minimize the clustering of input data.
This is vital to promote the numerical stability of the kriging
equations and eliminate the need to decluster already sparse
fixed monitoring data. In traditional geostatistics, data
declustering is a standard part of the estimation workflow,
generally involving the use of declustering weights to mini-
mize under- or over-representation of the estimation domain
and to minimize the risk of singular covariance matrices
(Bourgault 1997; Deutsch 1989). Without proper data spac-
ing with regards to QE distances, QE-based kriging models
have a higher chance of returning negative kriging variances
due to under- or over-representation of parts of the domain.
Further, this would dramatically increase the risk of singular
covariance matrices when estimating with QE distances. By
spacing sensors according to QE distances, this works to
improve the numerical stability of the kriging equations by
minimizing data clustering.

Figure 3 displays the sensor installations as recom-
mended by EPAQS version 0.3.1, with installation locations
constrained to the ribs of the excavation to avoid installation
requiring hanging monitors from the back of the excava-
tion. Sensors were installed at 62(+6) inches (approximately
157 cm) above the floor of the excavation to approximate
the breathing zone of mine workers following the anthro-
pometrics study conducted by Gordon et al. (2014). Sensor
placement as guided by EPAQS was constrained to the ribs
(walls) of the excavation to allow for operation of equip-
ment. This leads to asymmetry of the sensor layout, with
sensors 7, 11, and 15 placed on the opposite rib than the

50' (15.24 m)

Fig. 3 Placement of 15 PMa2.5 sensors using EPAQS version 0.3.1.
Sensor locations are numbered in accordance with unique sensor IDs
assigned by the EPAQS software for integration with SAM-UG. The
sensor installed in location number 1 as indicated in the graphic was
subsequently removed from service due to anomalous sensor values
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others. From an operational feasibility standpoint, installa-
tion of sensors hanging from the back (ceiling) of the exca-
vation is not possible, although the spatial distribution of
sensors could perhaps be slightly improved.

2.3 Data acquisition and variogram model selection

Real-time data collection is feasible in one-minute intervals
via the PurpleAir API. The resulting PM; 5 data is passed
into SAM-UG as a .json file. SAM-UG will accept any .json
file of air quality data, making it convertible between vari-
ous real-time monitoring APIs or data streams and contami-
nation species. Once data has been acquired, SAM-UG will
automatically select the best performing variogram model
and proceed with estimation via ordinary kriging.

Model variogram selection considers three spatial para-
digms and three variogram equations. Spatial paradigms
used in kriging include linear distances, QE distances, and
QE distances that have been conditioned with linear auto-
correlation information. Linear distance is arguably the most
widely-used spatial paradigm for ordinary kriging seen in
modern geological resource modeling, but naturally cannot
account for an excavation’s geometry or airflow. QE dis-
tances respect airflow and geometry, but can struggle with
numerical stability (Brown Requist and Momayez 2024a).
As an additional method, QE distances can be conditioned
using autocorrelation observed in the Euclidean space. This
method was originally suggested by Ver Hoef (2018) for
kriging over linear networks. Following Ver Hoef’s appli-
cation to non-euclidean distances, the method can be ratio-
nally extended to use QE distances. This method yields a
covariance matrix that is typically positive-definite (PD),
constituting a permissible variogram (Armstrong and Jabin
1981; Goovaerts 1997; Webster and Oliver 2007) that is not
feasible using QE distances because the resulting covari-
ance matrix is necessarily non-symmetric. The covariance
structure modified from Ver Hoef (2018) is displayed in Eq.
2,

3= o—,%RA,aR];}nRga + oll 2)

where X is the conditioned covariance matrix, R is an auto-
correlation matrix based on a QE distance matrix A or lin-
ear distance matrix D with QE range parameter « or linear
range parameter 7. The partial sill, aﬁ, and nugget 03 can
be determined via restricted maximum likelihood (REML)
alongside range parameters « and 7). Alongside linear and
quasimetric (QE) spatial paradigms, the Ver Hoef (2018)
method as modified for use in SAM-UG is henceforth
referred to as the "conditioned" spatial paradigm for the
sake of simplicity.
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This conditioned paradigm uses linear autocorrela-
tion, Rp 5, as the core of the covariance structure, and the
QE autocorrelation, R4 o, conditions the underlying lin-
ear autocorrelation with quasimetric spatial information.
This helps to strike a balance between a purely linear or
purely quasimetric estimation domain. This is especially
desirable when the linear domain and quasimetric domain
do not share the same scale. By way of the unified covari-
ance structure presented in Eq. 2, range parameters « and 7
serve to address these differing scales when combining the
two spatial structures as part of the conditioned paradigm.
Essentially, this approach can be thought of as adding an
additional design matrix (quasimetric autocorrelation) to the
initial design matrix (linear autocorrelation) to arrive at a
covariance matrix which blends both spatial paradigms.

The three variogram equations employed by SAM-UG
include the spherical, exponential, and Matérn semivariance
functions (Egs. 3, 4, and 5, respectively). These variogram
equations were selected for multiple reasons. The spheri-
cal variogram equation is only valid for estimation domains
over R" with n < 3 (Armstrong and Diamond 1984; Pyrcz
and Deutsch 2006). While this remains appropriate for krig-
ing over a linear estimation domain, this is not guaranteed
for kriging over the QE domain. This is because the QE is an
embedding of the euclidean manifold (in this case as some
subset of R?) into the quasimetric manifold, which con-
stitutes a Hilbert space, essentially subset of R™ such that
0 < n < oo (Son 1982). Unless the Hilbert space can be re-
analyzed as a domain over R with m < 3, the spherical
variogram is not technically valid. In this case an n-spher-
ical variogram equation should be used, but the value of n
is not mathematically observable, and may not be finite.
The exponential variogram was selected because it remains
explicitly defined for all dimensions (Oliver 1995), address-
ing the issue of uncertainty of the resulting Hilbert space.
The Matérn variogram was likewise chosen for this reason,
with the added benefit of the Matérn variogram’s compe-
tence to capture variability at differing scales (Marchant and
Lark 2007). By considering these three variogram equa-
tions, SAM-UG has more freedom to select an appropriate
variogram when observations are highly variable between
time steps.

All variograms were fit via REML and Sequential Least
SQuares Programming (SLSQP) using Moore-Penrose
matrix pseudoinversion to automate the variogram fitting
process and to improve numerical stability of covariance
matrices thatare not PD and potentially singular during inver-
sion. Strictly speaking, the Moore-Penrose pseudoinversion
of a singular covariance matrix conditions the (pseudo-)
inverted matrix to return a least-squares approximation
of the kriging system of equations. While this does have
some implications for the reliability of kriging performance

metrics (i.e., kriging variance) that warrant discussion, the
overall merits of the use of Moore-Penrose pseudoinversion
for kriging over singular covariance matrices lies outside
the scope of this work. REML is a favored method for the
estimation of covariance structures because it is relatively
robust to outliers, removes the need to arbitrarily bin dis-
tances for the construction of variograms, and can fit model
covariance functions to experimental data without first plot-
ting an experimental semivariogram (Cressie 1991; Cressie
and Lahiri 1996; Heyde 1994; Marchant and Lark 2007,
Ver Hoef 2018). In effect, REML can be used to automate
the fitting of covariance structures based on experimental
data. Via leave-one-out cross validation (LOOCYV), the best
model variogram is selected based on root mean square
error (RMSE), proportion of time that the 90% confidence
interval covers the true value, and the number of negative
kriging variances observed during validation.

(k) = U%—i—d%(%—&—%) fo0<h<a 3)
o5+ o2 ifh>a
~v(h) = 0(2) —l—az (1 —e_Th> 4

2177 (h\" _ h

v () 0 ®
where ~y(h) is the semivariance at lag distance 4, a is the
range parameter, v is the Matérn smoothness parameter,
and K, is the modified Bessel function of the second kind
of order v. The variogram parameters (i.e., 0g, 0p, v, and
range parameter a) are determined by optimization specific
to observed data, and these parameters hold for the entirety
of the estimation domain. This represents the entirety of
parameters that must be determined, except for the case of
conditioned models, which have a QE range parameter as
well as a Euclidean range parameter.

The best model variogram should ideally have low
RMSE, a high coverage of the 90% confidence interval, and
few negative kriging variances. These performance statis-
tics are ranked to select the best model variogram (Eq. 6).

) =403 (1

Yopt (h) = argmin(rank(RM SE) 4 rank(Cygg,) + rank(NKV)) (6)

where 7Yopt(h) is the preferred variogram equation (cova-
riance structure) as determined by the proportion of times
the 90% confidence interval includes the true value (Cggy),
the number of negative kriging variances obtained during
LOOCV (NKV), and RMSE. A new variogram equation
must be constructed for each time step for each possible
model combination, because observed data covariance is
required for successful kriging. As sensor data changes, data
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Fig. 5 Estimation and visualization workflow in SAM-UG

covariance likewise changes, meaning the variogram must
be updated. All models were fit, validated, and selected
using REMLengine version 1.7, a C++ library developed by
the corresponding author to facilitate covariance structure
fitting across various non-traditional, user-defined spatial
structures and variogram equations.

Figure 4 displays the model selection workflow, start-
ing with the observed real-time data and spatial structures
as generated by Flowstar version 0.2.1. Models are gener-
ated under LOOCYV across the three spatial paradigms and
three variogram equations, yielding a total of 9N covari-
ance matrices for /N monitors to assess model performance.
LOOCV model performance (RMSE, Cgygy, and NKV)
is aggregated, returning a unified covariance matrix and
reporting the relevant variogram parameters, variogram
equation, spatial paradigm, and model performance statis-
tics. This aggregated performance data is then used as per
Equation 6 for model selection. By automating the model
selection process via REMLengine 1.7, SAM-UG only dis-
plays an estimate made with the best-performing covari-
ance structure. Further, automated fitting of the covariance
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structure and model selection removes the need for exten-
sive spatial statistics and mine ventilation knowledge, mak-
ing SAM-UG approachable for users like industrial hygiene
or mine health and safety professionals. Model performance
statistics are continuously logged in SAM-UG for post-hoc
assessment of model performance. These statistics are also
presented to the user during visualization of the contamina-
tion distribution after estimation via ordinary kriging.

2.4 Contamination distribution estimation and
visualization

Contamination distributions are estimated via ordinary krig-
ing, which uses the covariance matrix and corresponding
variogram equation to generate the best linear unbiased esti-
mator (BLUE) to estimate contamination concentration at a
discrete location as a linear combination of observed PMs 5
mass concentrations from fixed sensors. The resulting dis-
tribution is displayed as a two-dimensional plot that reports
model performance and updates in one-minute intervals or
as new data is acquired. Figure 5 outlines this workflow
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from the selected model to the visualization of the contami-
nation distribution.

2.5 Testing of SAM-UG

SAM-UG was deployed over a four-hour period in a portion
of an underground mining research facility in Sahuarita,
Arizona with 15 PurpleAirs with the intention of monitoring
PMz3 5. During the testing period, light vehicle and pedes-
trian activity was intermittent, providing variability in con-
tamination generation conditions across the study period.
Of the 15 installed PurpleAirs, Sensor 1 (with location
indicated in Fig. 3) was removed from consideration in the
study dataset due to anomalous sensor readings, typically
an order of magnitude higher than all other sensor readings.
Without a clear indication of secondary particulate entrain-
ment at the sensor location, data were assumed erroneous
and therefor omitted. The resulting spatial gap in data was
deemed insignificant, as sensor placement with EPAQS
is designed to reduce data clustering. Ideally, a properly

functioning sensor would be beneficial, but the uncertainty
of estimates for sensor 6 (the downwind sensor) was com-
parable to the uncertainty of estimates for the other sensors
during LOOCV. The omission of this sensor had no observ-
able impact on the linear independence of covariance matri-
ces, in part due to fitting variogram equations using REML.
Future safeguards should be developed within the software
to identify potentially faulty sensors and notify the user to
decide whether to omit the data from estimation. Figure 6
displays PMs 5 values measured by the remaining 14 OPC
monitors over the four-hour period with a total of 247 obser-
vations in one-minute intervals. These sensor data display
the average PMj 5 concentration over the one-minute inter-
val in pg/ m®. These data are not directly displayed in the
SAM-UG software in the current version, but future updates
will include a real-time graph of all sensor data. This will
further facilitate the identification of erroneous data. Model
performance was continually logged by SAM-UG, and the
resulting performance was aggregated to assess the long-
term performance of the monitoring platform.

Observed PM 2.5 concentration (ug/m?3) for all monitors
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Fig. 6 PMa2 5 mass concentrations (ug/m?) for all PurpleAirs over the four-hour study period. Data have been divided into subplots for the sake

of readability.
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3 Results and discussion

SAM-UG uses a command-line interface (CLI) (available in
Supplementary Information), and requires four configura-
tion files alongside a data folder or other server connection.
The four file types required by SAM-UG are .LDM (linear
distance matrix), .QEM (quasimetric embedding matrix),
.LMP (linear map), and .QMP (quasimetric map). These
four files are automatically generated by EPAQS during
sensor placement and are then passed to SAM-UG via the
CLI. Users can indicate the type of data connection (static
file folder or dynamically updating folder of .json data) and
plotting utility (real-time in a separate window or saved as a
.pdf or .png file). Estimated contamination distributions are
saved as .DIST files to archive estimates, regardless if plots
are explicitly saved, and performance statistics are saved as
a single .STATS file when the application is closed.
SAM-UG was trialed over a four-hour period (a total of
247 observations) using data from 14 PurpleAirs to measure
PM, 5 mass concentration in one-minute intervals. Linear
distances were preferred for estimation using SAM-UG,
which selected a model variogram based on linear distances
78.5% of the time (n=194), followed by selection rates of
12.6% and 8.9% for quasimetric and conditioned models,
respectively. Table 1 highlights the selection frequency
and model performance for all nine model types. Negative
kriging variances were not observed for any models across
the study period, which has been raised as a potential issue
while kriging using non-linear distances, albeit with varied
findings (Brown Requist and Momayez 2024a, 2025; Ver
Hoef 2018; Boisvert and Deutsch 2008; Davis and Curri-
ero 2019; Gardner et al. 2003; Little et al. 1997; Rathbun
1998). This finding closely matches previous assessments
of the estimation of contamination distributions in mine

Table 1 Performance of all SAM-UG model types

Equation  Paradigm n (% Uncer- RMSE (ug/ Caro
Frequency) tainty m?3) 90%
(%)

Exponen-  Linear 33(13.36) 246  1.19 0.88

tial

Exponen-  Quasimet- 6 (2.43) 26.8 0.84 0.80

tial ric

Exponen-  Condi- 0(0) - - -

tial tioned

Spherical ~ Linear 27(10.93) 27.6  0.79 0.85

Spherical ~ Quasimet- 4 (1.62) 257  0.67 0.89
ric

Spherical ~ Condi- 0(0) - - -
tioned

Matérn Linear 134 (54.25) 322 037 0.84

Matérn Quasimet- 21 (8.50) 312 044 0.86
ric

Matérn Condi- 22 (8.91) 326 033 0.87
tioned
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air, and we suggest that this outcome may be a result of
sensor placement guided by quasimetric distances, the use
of SLSQP for fitting model variograms with REML, and,
of course, the model selection criteria themselves, which
penalize the presence of negative kriging variances during
LOOCV.

Assessment of the kriged models using LOOCV shows
a reasonable internal consistence of the resulting estimates,
but more work is needed to establish external physical
validity. Future work in this area will require extended stud-
ies. One potential avenue to assess physical validity would
be comparison with CFD simulation for a variety of mine
ventilation systems and layouts. CFD methods are reliable,
and benchmarking model validity against methods that are
known to be reliable will help to verify the performance of
SAM-UG for widespread use in mining operations. Work
for further validation is ongoing alongside the development
of additional physics-informed statistical approaches.

Linear models are selected more frequently in SAM-UG
when compared to the frequency of quasimetric and condi-
tioned models. This paradigm is simpler than either the qua-
simetric or conditioned paradigms, which may play a role in
explaining the discrepancy in selection rate. The relatively
simple layout of the study area may contribute to this out-
come, which may lead to the higher selection rate of linear
models compared to quasimetric and conditioned models.
Considerations should be made about the potential draw-
backs of the use of linear models, especially because they
inherently assume that data covariance behaves linearly
without respect to mine geometry or airflow. Further, the
frequency of Matérn variogram equations is unsurprising,
as the smoothness parameter v can help to address spatial
processes with differences in local (small scale) behavior
compared to larger-scale covariance (Marchant and Lark
2007). Outcomes for quasimetric models, especially using
Spherical and Matérn variogram equations further highlight
that quasimetric models can outperform linear models, even
outside of the model selection criteria presented in Eq. 6.
When considering the sensor data presented in Fig. 6, quasi-
metric and conditioned spatial paradigms are selected with
higher frequency during instances of high data variability
(i.e.,, 10:30-11:15 and 13:30-14:15). This suggests that
these quasimetric and conditioned paradigms may be more
suitable for highly variable or even non-stationary data,
which follows closely with other findings related to appli-
cations of non-linear distances for kriging (Fouedjio 2017,
Varouchakis et al. 2025; Martin et al. 2019). Considerations
should be made for the inclusion of the conditioned para-
digm in future iterations of the SAM-UG software because
of the low selection rate. This would reduce the number of
variogram models that must be assessed, but we feel that the
overall computational benefit is low, considering the linear
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relationship of time complexity with this part of the model
selection process. More investigation in this area is war-
ranted, especially because mining environments are highly
dynamic, and second-order stationarity cannot be guaran-
teed. Within the scope of this paper, all data were assumed
to display second-order stationarity for the purposes of geo-
statistical modeling, and the lack of negative kriging vari-
ances for selected models suggests the presence or absence
of second-order stationarity is not a major hindrance in the
application of the SAM-UG platform.

There exists a higher likelihood negative kriging vari-
ances during estimation when employing non-Euclidean
distances or quasimetric models (Armstrong 1992; Davis
and Curriero 2019; Ver Hoef 2018). Because the corre-
sponding covariance matrices are inherently non-symmetric
in quasimetric models, they do not constitute permissible
variograms (Armstrong and Jabin 1981; Armstrong 1992;
Goovaerts 1997), per se. With the use of the Moore-Pen-
rose pseudoinverse, singular quasimetric covariance matri-
ces are effectively invertible. It should be noted that in
the development and testing of SAM-UG, it appears that
quasimetric covariance matrices are strictly non-singular,
likely due to the use of a sensor spacing paradigm based
on quasimetric distances rather than Euclidean distances
(Brown Requist and Momayez 2025). Even if the covari-
ance matrix is non-singular (invertible) or PD, negative
kriging variances can still arise during estimation. By using
the Moore-Penrose pseudoinverse, all non-invertible matri-
ces yield a least-squares approximation of the linear kriging
system. Negative kriging variances can occur for myriad
reasons, including the spatial configuration of data and the
variogram structure (Armstrong 1992). Although the spatial
configuration of data remains constant, variogram struc-
tures are continually changing across the four-hour study
period because of changes in input (observed concentra-
tion) values. This is additionally complicated by the lack
of PD or positive-semidefinite (PSD) covariance matrices
when using quasimetric distances. It is somewhat surpris-
ing to note the absence of negative kriging variances in the
face of the numerical stability difficulties posed by kriging
over quasimetric estimation domains. The model selection
criteria (Eq. 6) certainly play a large role in the presence
of negative kriging variances in selected models, especially
because of the penalty assigned to negative kriging vari-
ances during selection via LOOCV.

Critically, REML optimization approach plays a role in
the numerical stability (and therefore reliability) of model
covariance and the kriging system of equations. SLSQP was
selected as the non-linear optimization algorithm for the fit-
ting of model covariance equations using REML, which we
have found to be the superior REML optimization algorithm
in the course of developing the REMLengine library and

SAM-UG application. Negative kriging variances stem-
ming from quasimetric or conditioned models were encoun-
tered frequently using alternative non-linear optimization
algorithms such as Constrained Optimization BY Linear
Approximation (COBYLA), Bound Optimization BY
Quadratic Approximation (BOBYQA), and Nelder-Mead
Simplex. While COBYLA, BOBYQA, and Nelder-Mead
Simplex are derivative-free optimization methods, SLSQP
requires construction of a gradient by way of finite differ-
ences (Conn et al. 1997; Kraft and Schnepper 1989). As a
result, SLSQP requires more matrix inversions within the
objective functions than derivative-free methods. In prac-
tice, this means that SLSQP is theoretically more computa-
tionally complex than derivative-free methods, but we have
observed that SLSQP tends to arrive at a more stable model
covariance function (no negative kriging variances) faster
than COBYLA, BOBYQA, and Nelder-Mead Simplex.

This behavior is likely due to the nature of the loss sur-
face with respect to model covariance variables. In the case
of REML, this loss surface is the negative log-likelihood as
a function over the model covariance parameter space (e.g.,
nugget effect, total sill, range). When comparing the various
spatial paradigms and various model covariance equations,
the loss surface is likely to be very noisy and highly variable
when considering a spatial structure that remains constant
while observed data are changing over the study period. As
an optimization method that requires a gradient, SLSQP has
access to the nature of the loss surface, which may explain
why models fit with SLSQP are less likely to return nega-
tive kriging variances when compared to derivative-free
methods. With extremely noisy loss surfaces, derivative-
free methods like COBYLA, BOBYQA, and Nelder-Mead
Simplex are more likely to terminate in some potentially
unstable local minimum of the loss surface (Kraft and
Schnepper 1989). More work is needed to qualify the nature
of these loss surfaces, including in Euclidean space. With
an improved understanding of loss surface behavior during
REML fitting of covariance functions, the overall quality of
model fit stands to greatly improve.

The lack of PD or PSD covariance matrices when
attempting to krige contamination distributions using a qua-
simetric spatial paradigm is a problem that should eventu-
ally be addressed. Davis and Curriero (2019) suggest that
efforts should be taken to estimate the covariance struc-
ture over the non-Euclidean domain before pursuing post-
hoc corrections to covariance matrices such that they are
PD or PSD. The ultimate solution to this issue lies outside
of the scope of this paper, but approximation by spectral
decomposition could be used to arrive at a PSD covariance
matrix. Because the QE distances used for estimation are
not symmetric, care must be taken to develop an appropri-
ate method to symmetrize the deficient covariance matrix
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in some manner that still maintains some semblance of the
underlying spatial structure governed by the mine’s venti-
lation regime. Importantly, this is not a consideration that
has been widely made when considering the application of
non-Euclidean distances in geostatistics, with prior work
on non-Euclidean distances involving metric embeddings
(symmetric covariance matrices) rather than quasimetric
embeddings (asymmetric matrices). While it would be fea-
sible to construct a PSD covariance matrix based on QE dis-
tances with approximation by spectral decomposition, this
additional operation would add a layer of computational
complexity that may not be suitable for a real-time system.
Considering an absence negative kriging variances during
estimation with QE distances in SAM-UG, we believe that
this issue does not represent a massive barrier to the imple-
mentation of the SAM-UG platform, especially in light of
the application of the model selection criteria which penal-
ize the presence of negative kriging variances.

Because SAM-UG dynamically selects models based
on performance statistics, measures like RMSE cannot be
used to compare inter-model performance. As such, Table 1
includes the average estimation uncertainty of each model
type as a percentage of the range of observed values for
each respective model. The overall spread of these esti-
mation uncertainties (which include the +12% PurpleAir

Fig. 7 Estimated contamination

sensor uncertainty) is low. Across the four-hour study
period, SAM-UG had an average estimation uncertainty of
27.9% when excluding PurpleAir sensor uncertainty and
30.4% including sensor uncertainty. SAM-UG showed an
average RMSE of 0.54 pg/m3, and an average Cggy, 0f 0.85.
Although Matérn-Linear models were most frequently cho-
sen (n=134), the dynamic model selection within SAM-UG
leads to meaningful improvements in overall performance,
displaying reductions in estimation uncertainty and RMSE.

Estimated contamination distributions are visualized
using the low-level plotting utility GNUplot (Figs. 7, 8, and
9), displaying the timestamp of the input data, spatial para-
digm, variogram equation, RMSE, and coverage of the 90%
confidence interval. The GNUplot plotting utility is used to
display the mine footprint oriented to the input coordinate
system used for mine survey, with the color bar indicating
the estimated concentration of PMs 5.. These plots can be
shown in real-time (updating in one-minute intervals corre-
sponding with new incoming sensor data) within SAM-UG
or saved in .png or .pdf format based on user selection via
the CLI when starting the SAM-UG program. The plotting
function in SAM-UG currently lacks the sophistication for
broad applicability to other contamination types, a limita-
tion that is expected to be resolved with future platform
architecture developments, specifically the development
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Fig. 8 Estimated contamination
distribution at 2:09 PM using
Matérn-Quasimetric model. The

Time: 140919, Quasimetric, Matern, RMSPE: 0.49, C90: 0.93, MAE: 0.38
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of a graphical user interface instead of the current CLI.
Dynamic model selection is vital for high-quality estima-
tion. Figure 10, which uses the same input data as used in
Fig. 7, highlights the risks of incorrect model selection.
Selecting an unfit model variogram leads to poor kriging
outcomes, in this case leading to an entirely unreliable esti-
mate of the distribution of PMs5 5 in the mine.

Real-time airborne contamination modeling and moni-
toring is feasible using SAM-UG. SAM-UG processed
the entire four-hour dataset in 144 s during a static test in
which SAM-UG had access to all four hours of data upfront
to eliminate the one-minute data delay from regular API
calls. Although SAM-UG functions as a real-time monitor-
ing platform, a static test where all data is presented and
analyzed sequentially without delay allows for a compre-
hensive test of the time required for SAM-UG to receive
data, select a model, estimate, and visualize. This required
approximately 0.58 s to read the sensor data, select a model,
and construct the visualization. Because SAM-UG con-
structs 9N covariance matrices during model selection for
N installed sensors, the time complexity for model selection
and distribution estimation can be approximated as O(n).
This means that the time required to estimate distributions
scales approximately linearly with the number of fixed air

X-Axis
(210 feet) (64 m)

quality monitors or the size of the estimation domain. Theo-
retically, this means that SAM-UG could manage upwards
of 250 air quality sensors while remaining a suitable real-
time monitoring platform. This would have the added bene-
fit of supporting more sensors within the SAM-UG platform
and allow coverage of significantly larger regions of under-
ground mines. Further assessment of the SAM-UG platform
will require additional testing to determine the practical
upper limit to the number of installed sensors feasible for
real-time monitoring, and care should be taken to select a
reasonable number of sensors for installation. This number
should ideally balance operational practicality for the moni-
toring application (underground mine) as well as the com-
putational capacity of SAM-UG, data APIs and servers, and
the host machine performing calculations and constructing
estimates. Regardless, additional consideration should be
given to the use of parallel computing to construct multiple
covariance matrices at the same time. There exist poten-
tial computational barriers associated with the inversion of
larger covariance matrices. Singular value decomposition,
which is required for Moore-Penrose pseudoinversion, dis-
playing a time complexity of O(n?).

As an initial attempt at a real-time contamination distribu-
tion monitoring platform, SAM-UG performs as expected.
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Fig.9 Estimated contamination
distribution at 2:20 PM using
Matérn-Conditioned model. The
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The limited, four-hour study period serves as an indication
of a proof of concept for the platform. While this short time-
frame does not fully capture the dynamic contamination
conditions within mine ventilation systems as a result of
changing ventilation conditions, generation rates, and sea-
sonal variation, the work presented here indicates that SAM-
UG may prove a viable avenue for real-time contamination
monitoring beyond approaches available at current. Other
monitoring methods like those employed by modern AMSs
remain incredibly information-poor even while data-dense.
By displaying contamination data as a distribution rather
than individual points across a mine’s footprint, SAM-UG
provides a more holistic view of airborne contamination
behavior by providing a reasonable estimate of contamina-
tion concentration between sensors. This is not otherwise
feasible using mine ventilation network simulation, nor fea-
sible in real-time or over large scales using CFD. SAM-UG
provides a new avenue to contamination distribution moni-
toring using spatial statistics, and with performance some-
what comparable to the MSHA-approved Thermo Scientific
PDM3700, which has a measurement uncertainty of 25%
(Volkwein et al. 2006). Further assessment of the SAM-UG
platform is required to fully validate the reliability of the
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system as well as determine next steps for reduction of total
estimation uncertainty below the current 30.4%.

Because SAM-UG automatically selects the best per-
forming statistical modeling method using REMLengine
1.7, no knowledge of spatial statistics or mine ventilation
is required for its use in underground mines. As a statisti-
cal method, SAM-UG should also theoretically be species-
agnostic, meaning its use can be transferred to other types
of airborne contamination. Capable of functioning in real-
time, SAM-UG may be a good candidate for underground
mining operations wishing to monitor airborne contamina-
tion with higher spatial resolution than is otherwise fea-
sible. Alongside Flowstar and EPAQS, SAM-UG forms an
operations-ready software ecosystem and airborne contami-
nation distribution monitoring platform aimed at real-time
statistical air monitoring with minimal human intervention
required. This would fundamentally change current air-
borne contamination monitoring practices in underground
mines, providing operations with a clear, real-time picture
of contamination behavior without then need of modeling
using MVNs or CFD.
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Fig. 10 Estimated contamination
distribution at 11:03 AM using

Exponential-Quasimetric model. 20
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4 Limitations and future work

This work was limited to a single mine layout with a rela-
tively simple ventilation regime. Kriging of air quality with
simulated mine layouts has been conducted with similar
performance (Brown Requist and Momayez 2024a). More
work is needed for experimental validation of SAM-UG
using more complex mine layouts. This work should also
prioritize the development of external validation approaches
including the use of computational fluid dynamics, espe-
cially the use of Euler-Lagrange models to demonstrate the
physical validity of the resulting estimators constructed via
kriging. Additionally, the number of sensors used and pre-
cision of sensors plays a major role in monitoring perfor-
mance. Too few sensors will not provide sufficient model
resolution, and we suggest preliminary assessment of data
covariance be conducted using dynamic simulation in
network analysis software such as Ventsim to arrive at an
indication of reasonable ranges. Ideally, sensors should be
placed within at least 2/3 the total distance of the Euclidean
variogram range to provide sufficient coverage for reliable
kriging. Low-precision sensors will of course increase esti-
mation uncertainty. This application using low-cost particu-
late matter monitors is promising, but more precise sensors

X-Axis
(210 feet) (64 m)

would have a measurable impact on the uncertainty of
kriged models. We suggest that care should be taken during
sensor selection to ensure that sensor uncertainty is below
+15% with respect to true values observed within the mine.
Sensors with high limits of detection should be avoided at
all costs, and selection of equipment must be operationally
relevant. In essence, selected sensors should have measure-
ment ranges and resolutions that are appropriate for in-mine
conditions.

More work is needed to assess avenues for improved
estimation performance. The inclusion of additional covari-
ates such as temperature and relative humidity may help
to explain observed spatial variability of PMs 5 mass con-
centrations (Tian et al. 2014; Zender-Swiercz et al. 2024).
Additionally, the authors are considering further valida-
tion of the SAM-UG platform by conducting a sensitivity
analysis based on longer data collection time periods and an
assessment of how each model responds to changes in input
parameters such as sensor placement, number of sensors
employed, data quality, and data stationarity under various
spatial paradigms. This will provide an improved under-
standing of modeling behaviors, which will help to improve
the estimation performance of the SAM-UG platform. Sim-
ply stated, estimation uncertainty with SAM-UG stands to
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be greatly improved. All observed data exhibit some level
of measurement uncertainty, and this is no different in the
case of the PurpleAirs. As a low-cost OPC monitor, the Pur-
pleAir uncertainty is higher than more expensive particulate
matter monitoring options. This is a reasonable operational
trade-off for general area monitoring in underground mining
environments, but the addition of geostatistical estimation
uncertainty compounds this uncertainty. Further work will
consider additional techniques to improve the numerical
stability of kriging over quasimetric and otherwise non-sta-
tionary estimation domains, which may help to additionally
reduce estimation uncertainty while providing a physics-
based spatial basis for modeling.

SAM-UG is intended to serve as a species-agnostic con-
tamination distribution monitoring platform. While it has
been successfully tested using PMs 5 data, considerations
should be made for the transferability of SAM-UG to other
airborne contamination species such as carbon monoxide
in underground coal operations as supplements to existing
AMSs, elemental carbon as a proxy for diesel particulate
matter assessment, and other mine gasses like NO, and
SO,. This is especially pertinent given limitations to OPC
technology which prevents its use to determine concentra-
tions of specific particulate types, such as RCS and DPM.
Considerations must be made, however, to the different
transport phenomena governing gases compared to particu-
late matter. Future work will include these considerations to
ensure that this modeling approach is indeed transferrable
between particulate and gases. Full-scale validation work
will be performed in conjunction with a large underground
mining project across a variety of airborne contaminants,
including NO,,, SO, and PMs 5 with significantly longer
study periods, at least 48 h. Additional investigation using
real-time monitoring technology which can discern specific
contaminant species, like what is currently possible across
a range of gasses and elemental carbon will help to solidify
the reliability of the SAM-UG platform outside of the large
umbrella of PMs 5.

5 Conclusion

SAM-UG is a real-time contamination distribution mod-
eling and monitoring platform that has been successfully
trialed using low-cost OPC monitors for the assessment of
PM; 5 mass concentration in a portion of an underground
mining research facility in Sahuarita, Arizona. Supported by
Flowstar and EPAQS, SAM-UG is part of a statistics-based
air quality monitoring software ecosystem designed specifi-
cally for underground mining operations. With the use of
spatial statistics, SAM-UG provides more spatial resolu-
tion than is possible with current AMSs or mine ventilation

@ Springer

network simulation, and can model airborne contamina-
tion distributions in real-time, unlike CFD methods. This
platform is intended to supplement existing contamination
monitoring frameworks by providing a lightweight, com-
putationally efficient, and reliable method to estimate and
visualize airborne contamination distributions in real time.
Its statistics-based design allows for portability across dif-
ferent types of airborne contamination while remaining
adaptable and accurate across complex underground mining
environments.

Developed in C++, SAM-UG uses LOOCV to consider
nine different kriging approaches and automatically selects
the best approach based on RMSE, the presence of nega-
tive kriging variances, and coverage of the 90% confidence
interval by way of REMLengine 1.7. Over a four-hour study
period, SAM-UG displayed an average estimation uncer-
tainty of 27.9% and an RMSE of 0.54 pg/m?. By dynami-
cally selecting a kriging approach across three variogram
equations (exponential, spherical, Matérn) and three spatial
paradigms (linear, quasimetric, conditioned), SAM-UG
provides the most reliable estimate of contamination dis-
tribution feasible without requiring human intervention or
a robust understanding of spatial statistics. Although more
work is needed to test SAM-UG for use with other airborne
contamination species and to reduce estimation uncertainty,
SAM-UG is a functional, real-time airborne contamination
distribution modeling and monitoring platform that could
present an alternative approach to contamination monitor-
ing in underground mines.

The most recent versions of SAM-UG, EPAQS and
Flowstar are available as Windows programs at no cost
upon reasonable request. REMLengine 1.7 is available at no
cost upon reasonable request for research purposes only. All
data presented in this manuscript is available upon request.
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