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ARTICLE INFO ABSTRACT

The recent resurgence of pneumoconiosis among coal miners in the United States has been linked to their exposure to
excessive levels of coal dust. PDM3700 monitors are used in the mining industry to measure each miner’s coal dust
exposure levels and control overexposure. However, the high cost of the PDM3700 hinders its use in measuring the
exposure levels of all miners. Plantower PMS5003 low-cost particulate matter (PM) sensors can measure coal dust
concentrations with high spatial resolution in real-time owing to their low cost and small size. However, these sensors
require extensive calibration to ensure a high accuracy over long deployment periods. Because they have only been
calibrated for mining-induced PM monitoring using linear regression models, the objective of this study was to
leverage machine learning algorithms for calibration of coal-dust-monitoring sensors. Laboratory collocation tests
were performed using the PDM3700 and aerodynamic particle sizer as reference monitors in a wind tunnel at a wide
range of concentrations (0-3 mg/m?), temperatures (20-32°C), and relative humidities (23%-43%). The results re-
vealed that nonlinear machine learning techniques significantly outperformed traditional linear regression models for
low-cost sensor calibration. With the artificial neural network (ANN) being the strongest calibration model, Pearson’s
correlation of the PMS5003 sensors reached 0.98 and 0.97, those of the Airtrek sensors reached of 0.89 and 0.91, and
those of the GasLab sensors reached 0.93 and 0.92. This shows a 2%-11% improvement in model performance over
the linear regression model using ANN calibration. The success of the machine learning algorithms used in this study
demonstrates the feasibility of deploying low-cost PM sensors for coal dust monitoring in mines.
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Effective personal dust monitoring is essential to control over-
exposure and prevent CWP. Personal real-time-monitoring units can

1. Introduction

Overexposure to respirable coal mine dust has been associated with
coal workers’ pneumoconiosis (CWP), also known as “black lung” [1,2].
Miners that work in mines where respirable coal mine dust contains at
least 5% silica dust have also been diagnosed with silicosis [3]. An
increase in the prevalence of CWP has been observed among US coal
miners since 2000, and this recent resurgence is considered the most
severe in history, with a recent prevalence of 11% among long-term
coal miners [4-6]. Coal miners are currently at an increased risk of
contracting CWP and silicosis, which can cause permanent long-term
disability and premature death. Contrary to the common belief that
CWP and silicosis are associated only with long-term exposure to re-
spirable coal dust, recent data indicate that they have also been diag-
nosed in younger coal miners [7,8].

detect overexposure in a timely manner and provide alerts for early
control measures. The National Ambient Air Quality Standards and the
Mine Safety and Health Administration (MSHA), which regulate parti-
culate matter (PM) concentrations in ambient and mining environ-
ments, respectively, have implemented various PM monitoring guide-
lines [7-9]. To protect miners from respirable coal mine dust (RCMD)
overexposure, the MSHA has promulgated regulations requiring un-
derground mines to maintain RCMD end-of-shift concentrations at a
time-weighted average of 1.5mg/m® in underground mines [7]. How-
ever, these compliance agencies only approve the use of federal
equivalent methods (FEMs) and federal reference methods (FRMs) for
PM monitoring. The personal dust monitor (PDM) model 3700 is the
only MSHA-certified coal-dust-monitoring unit. However, PDMs are

Peer review under the responsibility of Editorial Board of Green and Smart Mining Engineering.

* Corresponding author.
E-mail address: guang.xu@mst.edu (G. Xu).

https://doi.org/10.1016/j.gsme.2025.09.010

Received 5 November 2024; Received in revised form 8 April 2025; Accepted 11 April 2025

Available online 19 September 2025

2950-5550/© 2025 The Author(s). Publishing services by Elsevier B.V. on behalf of KeAi Communications Co. Ltd. This is an open access article under the CC BY

license (http://creativecommons.org/licenses/by/4.0/).


https://doi.org/10.1016/j.gsme.2025.09.010
http://www.sciencedirect.com/science/journal/29505550
https://www.keaipublishing.com/en/journals/green-and-smart-mining-engineering
https://doi.org/10.1016/j.gsme.2025.09.010
http://creativecommons.org/licenses/by/4.0/
http://crossmark.crossref.org/dialog/?doi=10.1016/j.gsme.2025.09.010&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1016/j.gsme.2025.09.010&domain=pdf
mailto:guang.xu@mst.edu

N.A. Amoah, M.M. Zaid, X. Du et al.

expensive and bulky [9-11]. A unit of PDM costs approximately
$19,000 and weighs 2.0kg [11,12]. Because of these drawbacks, only a
few miners can use a PDM primarily for regulatory compliance mon-
itoring. These are mainly miners who are exposed to the highest coal
dust concentrations at their work locations and those who have already
been diagnosed with pneumoconiosis [7]. Therefore, the exposure le-
vels for many miners are not measured.

The limitations of PDMs warrant the need for more affordable coal
dust monitoring in mines. Recently, the use of low-cost PM sensors for
real-time PM exposure monitoring has gained considerable attention.
These sensors can characterize PM with high spatial and temporal re-
solutions owing to their fast response, low cost, small size, and light
weight [13-15]. Several studies have been conducted on these sensors,
and these sensors have achieved impressive performance in comparison
with FEMs [16,17], FRMs [18,19], and research-grade PM monitors
[19-21]. Because of the potential of low-cost PM sensors, regulatory
agencies such as the Environmental Protection Agency (EPA) have de-
veloped calibration guidelines to improve their accuracy and have de-
signed a roadmap for their adaptation [9]. Laboratory studies have
shown that while low-cost sensors provide highly linear responses to
reference instruments, their accuracy can be strongly influenced by
particle composition, size distribution, and environmental conditions
such as relative humidity and temperature [22]. Similarly, field eva-
luations demonstrated that these sensors could capture fine-scale var-
iations in ambient air pollution, though careful calibration remains
essential for reliable deployment in diverse environments [23]. The
South Coast Air Quality Management District has examined ways of
incorporating low-cost PM sensors into local communities [24,25].
Although these sensors have been widely investigated for ambient PM
monitoring, they represent a new type of technology for mining-in-
duced PM monitoring and exhibit questionable accuracy that necessi-
tates the need for more powerful calibration methods. The simple linear
regression (SLR) model is the only calibration model used to calibrate
low-cost PM sensors for coal dust monitoring [15]. The long-term sta-
bility of calibration models for low-cost sensors is significantly influ-
enced by environmental factors, such as temperature and humidity.
Continuous recalibration and integration of adaptive calibration models
using machine learning techniques are recommended to address sensor
drift and ensure accurate air quality monitoring over time. Studies have
shown that low-cost sensors exhibit significant measurement biases
owing to variations in the temperature and relative humidity (RH). For
example, high humidity levels can lead to the hygroscopic growth of
particulates, which affects the measurement accuracy of low-cost sen-
sors, particularly when the RH exceeds 75% [26]. Low-cost sensors
exhibit variable performance across a range of humidity and tempera-
ture conditions, necessitating the development of correction algorithms
to mitigate these effects [26]. Moreover, the drift of sensor performance
over time is a significant concern. Periodic recalibration is essential to
maintain the accuracy of low-cost sensors because they are prone to
drift and other errors that may degrade their performance. For example,
a single calibration cycle can improve accuracy for only a limited
duration before drift occurs, underscoring the need for ongoing cali-
bration efforts [27]. The dynamic adaptability of calibration models is
also crucial in addressing the challenges posed by environmental
variability. Machine learning approaches have been proposed to en-
hance calibration models by continuously adjusting for drift and cross-
sensitivities to other pollutants [28]. For instance, one researcher found
that machine learning could effectively develop corrections for low-cost
sensors based on real-time data, thereby improving measurement re-
liability under fluctuating environmental conditions [29]. This adapt-
ability is essential for maintaining the integrity of air-quality-mon-
itoring networks that rely on low-cost sensors, as they are increasingly
deployed in diverse and dynamic urban environments [30]. Recent
advancements in mine dust monitoring have significantly evolved,
driven by the urgent need to address the health impacts of coal dust
exposure on miners. The integration of innovative technologies,
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including low-cost sensors and machine learning techniques, has
transformed the landscape of occupational health monitoring in mining
environments [31,32]. One of the most significant achievements is the
development of low-cost PM sensors, which have attracted attention in
both surface and underground coal mines [32].0ne of the recent re-
search comprehensively evaluated these sensors and observed their
potential for real-time monitoring of inhalable dust [33]. Despite these
advantages, commercially available PM sensors often lack inherent
calibration, leading to concerns regarding their measurement accuracy.
This highlights the need for the development of robust calibration
methods to improve the reliability of these sensors in mining applica-
tions. One of recent study reported the importance of continuous
sampling throughout a miner’s shift, as mandated by the MSHA
[6,8,33]. They found that prolonged exposure to respirable coal dust,
even at concentrations below the permissible exposure limit (PEL) of
1.5mg/m?, could contribute to severe health issues, including CWP.
The integration of low-cost sensors into routine monitoring practices
can facilitate timely interventions in mitigating dust exposure and im-
proving miners’ health [34].

SLR calibration methods cannot account for other environmental
factors, such as temperature and RH. This affects their transferability to
environments that differ from their calibration environments, which
alters their accuracy in ambient deployment [23,35]. A more advanced
MLR model has been developed to consider the effects of temperature
and RH on low-cost PM sensors. However, the MLR algorithm is more
dependent on random variations in the sensor outputs, making it more
sensitive to the test conditions [36,37]. Therefore, the limitations of
these calibration models necessitate the use of more advanced cali-
bration models based on machine learning algorithms for evaluating
and calibrating low-cost PM sensors [26-29]. A study reported the use
of a feedforward neural network (FNN) model to calibrate Plantower
PMS7003 low-cost sensors, which improved the accuracy from 0.618 to
0.905 using R-squared as an indicator against the beta attenuation
monitor (BAM-1020) [38]. Building on this, random forest (RF) and
support vector machine (SVM) algorithms have also been shown to
deliver superior performance when compared with other machine
learning approaches [39,40]. Furthermore, another investigation eval-
uated and calibrated a Plantower PMS5003 low-cost sensor using the
Synchronized Hybrid Ambient Real-time Particulate (SHARP) monitor
[41]. In that work, simple regression models (SLR and MLR) were
compared with two machine-learning calibration algorithms, XGBoost
and the FNN, and it was found that the FNN provided the most accurate
results, with a root-mean-squared error of 3.91 [42]. Despite the po-
tential of these methods, machine learning algorithms have not yet
been applied to the calibration of low-cost PM sensors for coal dust
monitoring under underground mining conditions.

The aim of this study was to calibrate low-cost PM sensors for coal
dust monitoring using machine learning algorithms. Laboratory tests
were performed under various coal dust concentration, temperature,
and RH conditions. The MSHA FEM Personal Dust Monitor (PDM)
model 3700 and the research grade aerodynamic particle sizer (APS)
model 3321 were used as reference monitors. Based on the data from
the experiment, the sensors were calibrated using five machine learning
algorithms and compared to determine the most accurate calibration
method. Widely used SLR and MLR models, together with three other
machine learning algorithms—artificial neural network (ANN), SVM,
and RF regressor (RFR)—were selected in this study.

2. Experimental

The experimental setup used for the calibration experiment is de-
scribed in Ref. [15]. The experimental setup consisted of a 0.5m
X 0.5 m U-shaped wind tunnel designed to simulate underground mine
airways. It was equipped with a dust injection system to control the coal
dust concentrations within the wind tunnel and monitoring systems to
regulate the temperature and RH.
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2.1. Reference monitors

The EPA FRM PDM model 3700 developed by the National Institute
of Occupational Safety and Health (NIOSH) and the research-grade APS
were the reference monitors used in this study. The PDM is a real-time
personal coal dust monitor that operates based on the principle of a
tapered element oscillation microbalance (TEOM) [43]. Its accuracy,
precision, and comfortability are validated by NIOSH and approved for
regulatory monitoring by the MSHA. Laboratory tests by NIOSH have
demonstrated with 95% confidence that PDM measurements are within
+ 25% of true concentrations. Field precision tests also showed that the
PDM had a standard deviation of 0.078% [44]. The PDM is equipped
with a respirable size coal dust cyclone with a cutoff size modeled to
closely mimic the respirable curve of the human respiratory system.
Therefore, only respirable-sized particles pass through the mass trans-
ducer, and the mass concentration is determined using the TEOM
method.

The APS measures the PM mass and number concentration by par-
ticle aerodynamic sizes of 0.5-20.0 um using time-of-flight principles. A
PM concentration of particle size smaller than 4.37 um from the APS
was adopted in this study to make it comparable with the PDM because
it compares with the 4.37 pm D5, where Dsq refers to the aerodynamic
diameter at which a cyclone or impactor collects 50% of particles and
allows the other 50% to pass through. The APS received ambient PM-
laden air into the monitor through a nozzle at an accelerated flow rate
of 5.0 L/min. The accelerated airflow passed through the sensing zone
where the PM concentrations were measured. The particle size dis-
tribution was then reported every 15 s based on the settings used in this
study [45].

2.2. Low-cost sensors

Three low-cost PM sensors were calibrated in this study: Plantower
PMS5003 (PMS) low-cost PM, Airtrek PM, and GasLab CM-505 multigas
sensors. Two units of each monitor were evaluated to compare their
intramodel precision. The GasLab sensor (Fig. 1(a)) measured PM, 5
and PM;, particle concentrations, together with oxygen, carbon

(b)
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dioxide, and carbon monoxide concentrations. GasLab used a combi-
nation of non-dispersive infrared (NDIR), electrochemical, and fluor-
escent sensors to measure PM and other gas concentrations. In contrast,
the Airtrek sensors (Fig. 1(b)) used light-scattering principles similar to
those of the Plantower PMS5003 sensor. The Airtrek sensors measure
PM in four size bins: 1.0, 2.5, 4.0, and 10.0 um.

PMS sensors are inexpensive PM detection and measurement sensors
that operate based on light-scattering principles. These sensors are com-
mercially available at a cost of approximately $30 per unit. Each sensor
draws the ambient airflow through an inlet into the sensing area using a
fan. As illustrated in Fig. 1(c), the light-emitting diode radiated laser-in-
duced light into the sensing area to target the particles within the mea-
suring cavity. The light scattered by the particles was detected by a pho-
todetector, which transmitted pulses of the electrical signal to the inbuilt
microprocessor. The number and intensity of the electrical signals mea-
sured by the microprocessor were then converted into number and mass
concentrations, respectively, based on Mie scattering (MIE) theory.

These PMS sensors characterize PM by size as PM;, PM, 5, and PM .
The manufacturers of the PMS sensors state that PM; is measured for
particle sizes of 0.3-1.0 um, PM, 5 for particle sizes of 1.0-2.5 um, and
PM,, for particles sizes of 2.5-10.0 pm. For each size category, the PMS
reports 2 PM outputs: one without any form of correction factor (CF),
called the standard PM concentration (or CF = 1), and the other with
an atmospheric calibration factor, called the environmental PM con-
centration. The manufacturers have not published any details regarding
the calibration factor or its development. Therefore, because of con-
siderable uncertainties regarding manufacturer calibration, standard
PM concentrations were used in this study. The manufacturer’s speci-
fications indicate that the performance of these sensors is not affected
by non-PM aerosols, owing to the inbuilt shielding technology.

Together with a DHT-22 temperature and RH sensor, NodeMCU
ESP8266, and a four-line by 20-character liquid crystal display (LCD)
screen, the PMS was integrated into a prototype monitor (low-cost PM
monitor), as shown in Fig. 1(e). This monitor was programmed with an
Arduino IDE to display real-time concentrations of PM,s, PM;,, tem-
perature, and RH readings every 1.0's on the LCD screen. The sensor and
its components were housed in a 10.0cm X 4.0cm X 1.5cm acrylic

(d)

Fig. 1. Sensors and reference monitors used in the experiments: (a) GasLab CM-505 multigas sensor; (b) Airtrek PM sensor; (c) schematic of PMS5003 sensor; (d)

Plantower PMS5003 sensor; (¢) PM monitor.

303



N.A. Amoah, M.M. Zaid, X. Du et al.

plastic box to protect the low-cost PM sensor and its critical components
from rainfall, sunlight, and physical damage. This also enabled the team to
observe the screen readings in real time through the transparent acrylic
case. The sides of the acrylic case were strongly fastened but left un-
covered to allow for normal operation of the PMS sensor without inter-
ference. The low-cost PM monitor was continuously powered using a 5.0 V
USB cable. For data analysis, the PM monitor was interfaced with a
ThingSpeak MATLAB-based online Internet of things (IOT) platform that
served as a cloud in which all data were transmitted through Wi-Fi.

2.3. Data collection

A custom-built wind tunnel was constructed using acrylic glass for the
experiments. The wind tunnel was equipped with a particle generator that
was used to control the coal dust concentrations within the tunnel. A
heater and humidifier were installed to control temperature and RH, re-
spectively. A constant air velocity of 1.0 m/s was maintained in the wind
tunnel throughout the experiment, whereas the coal dust concentrations
were varied between 0 and 3 mg/m°®. Temperatures ranging from 20 to
32°C were maintained within the wind tunnel using its heating system and
the heating, ventilation, and air-conditioning system of the laboratory
building. RH of 23%-43% was generated within the wind tunnel using a
humidifier. The sensors and reference monitors were exposed to a com-
bination of these conditions and the coal dust concentrations. The selec-
tion of a coal dust concentration range of 0-3 mg/m? for the experiments is
justified by the regulatory framework established by MSHA, which sti-
pulates a PEL of 1.5 mg/m?®for an 8-h time-weighted average. The ratio-
nale behind this regulatory standard is based on extensive epidemiological
studies demonstrating a clear correlation between cumulative dust ex-
posure and the onset of respiratory diseases in coal miners [45,46].
Moreover, the upper limit of 4 mg/m? is consistent with findings of various
studies that indicate that although the PEL is set to 1.5mg/m?, actual
exposure levels in certain mining environments may exceed this threshold.
For instance, coal dust levels have been observed to reach 4.81 mg/m?
which is close to the experimental values obtained in our study [47].

The PDM recorded concentrations every minute; however, other
sensors and monitors were programmed to record data every 15s. The
experiment lasted for approximately 6 h per d for 8 d. The clock times
on all sensors and monitors were reset to synchronize their time stamps.

2.4. Data processing

The time-weighted average (TWA) concentration data reported by
the PDM were converted to minute-by-minute real-time concentrations
using Eq. (1) for consistency with other sensor concentration units to
clean up the data from these sensors for analysis.

C = (TWA, X %) —(C+C+ C3+ --+Cpy_y) Ieh)
where TWA,, is the time-weighted average at each time step, C, is the
measured real-time concentration, T is the time interval between suc-
cessive measurements, and T, is the total number of minutes at time n.

Further processing required the four 15-s concentrations reported
each minute by the sensors to be averaged to obtain minute-by-minute
concentrations and make them comparable with the PDM data. A
boxplot method of outlier detection was used to detect outliers. The
PMS sensors were the only sensors that recorded outlier concentrations.
Because the number of detected outliers was significantly small, these
data points were deleted without any effect on the analysis.

3. Data analysis
3.1. Simple linear regression

The performance of these low-cost PM sensors was evaluated using
the SLR method to establish calibration curves. For light-scattering low-
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cost PM sensors, establishing a linear relationship with PM concentra-
tion is desirable. In this study, this relationship was determined by
establishing correlations between the sensor output and true con-
centrations determined using the PDM. The concentrations obtained by
the reference monitors were used as independent variables, whereas
those measured by the sensors were used as dependent variables. Each
sensor was evaluated and monitored to obtain a calibration curve. The
least-squares method was used to fit the calibration curve through the
data points to determine the calibration equation, as expressed by Eq.
(2), where y is the reference monitor concentration, a is the y intercept,
p is the slope of the calibration curve, and x is the sensor outputs. This
method uses the sum of squares method to establish the curve with the
least sum of squares as the curve of best fit to calibrate the sensors. By
using the ordinary least-squares linear regression method, R-squared
values were calculated to quantify the relationship between sensor
outputs and true concentrations and to determine the percentage of true
concentration that could confidently be predicted using these sensors.
Pearson’s correlations were used to determine the strength of the linear
relationships.

The mean squared-error (MSE) was determined using the test da-
taset to evaluate the performance of the model to compare the results of
the evaluation with those of other methods used in this study. However,
a major disadvantage of this calibration method is that it can only es-
timate the relationship between two variables. Low-cost PM sensors are
influenced by other factors, such as temperature and RH, which cannot
be considered in SLR models.

y=o+px (2)

3.2. Multiple linear regression

Because SLR models are limited to single dependent and in-
dependent variables, MLR models were used to account for the effects
of temperature and RH. These factors, together with the sensor outputs,
were then considered multiple independent variables, whereas the true
concentration determined by the reference monitor remained the de-
pendent variable. Similar to SLR, the least-squares approach was used
to estimate the values of the model coefficients required to establish the
MLR calibration model. The coefficients were then used to determine
the minimum sum of the squared deviations between the data points
and the plane that established the plane of best fit. The nature of the
equation for the plane, considered the calibration model, is expressed
by Eq. (3). Here, y is the true concentration, {3, is the constant term,
B, to B, is the slope coefficient for each independent variable, and C is
the model error term. The correlation values for each sensor were
calculated to assess the strength of the correlation between the sensor
outputs and the independent variables.

On the basis of a 70:30 train—test split, the model was trained using
a training dataset. The R-squared and Pearson correlation values were
calculated to determine the true concentration that could be correctly
determined using low-cost sensors. P-values were calculated using
statistical tests to determine the statistical significance of the regression
model. A test dataset was used to evaluate the performance of the
model. Performance was evaluated using the MSE.

¥ = B, + B, x Concentration + 8, X Temperature + 8, X RH + C  (3)

3.3. Artificial neural network

Low-cost PM sensors respond to PM concentration, and the effects of
temperature and RH may not always be linear. A more comprehensive
algorithm, such as the ANN, is crucial for modeling nonlinear re-
lationships within a dataset. The ANN algorithm is inspired by biolo-
gical neural networks within the human brain. The neural network
within an ANN trains the data by matching the inputs of the samples
with their corresponding outputs. This matchmaking method is used to
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Fig. 2. Structure of the ANN architecture.

generate and optimize the probability-weighted relationship between
the inputs and outputs. A schematic of this algorithm and the structure
of the ANN architecture are shown in Fig. 2. As shown in Fig. 2, the
input layer introduces the input variable data into the model for further
processing. In this application, the input layer consists of the sensor
outputs, temperature, and RH. Two hidden layers were used in the al-
gorithm. These layers are responsible for assigning and optimizing
weights to each connection and adding a bias term to its sum, resulting
in Eq. (4). In the case of a two-layer hidden layer in this model, this
process is carried over to the second hidden layer, where a new set of
weights is assigned, and a new set of biases is added. An activation
function is then applied to the resulting linear equation before moving
to the next hidden layer. A ReLU activation function was used in this
model and programmed in the hidden layers. The results of these
computations are sent to the output layer of the model.

The true concentrations determined using the PDM were used as
nodes in the output layer. The dataset was randomized and split into
training and testing datasets. The 70:30 train-test split method was
used. Thus, 70% of the dataset was used as the training set to train the
algorithm for prediction, and 30% was used as the testing dataset to
evaluate the performance of the algorithm. The MSE was used to ana-
lyze model performance.

Z=f(WX + WaX; + W3X; + ... + WX, + B) 4

where W, represents the assigned weights, X, represents the input
variables, B is the added bias, and f (x) is the rectifier linear unit (ReLU)
activation function.

3.4. Random forest

The RFR algorithm is a supervised machine learning model that uses
an ensemble of decision trees to solve regression problems. RF models
combine a multitude of decision trees, each of which trains inputs to
their respective outputs to predict the outputs. Each decision tree be-
gins with a root node that repeatedly splits into internal nodes through
a set of branches until a leaf node is obtained and a decision is made.

A sample decision tree regressor (Fig. 3) illustrates the sequence of
the algorithm. The 70:30 train-test split was applied in this algorithm,
and a bootstrapped dataset was generated from the training dataset.
This method involves the random sampling of a specific number of
variables from the dataset of each decision tree to obtain a multitude of
trees. As shown in the sample calibration tree in Fig. 3(a), the tree starts
with the assigned root node, with the coal dust concentration being the
strongest predictor. This node is split into branches with concentrations
exceeding 2.0 mg/m>. If this condition is satisfied, the algorithm fol-
lows the path of determining the concentration to be 2.5mg/m>.
However, the algorithm follows the path to the next node if the con-
centration is lower than 2.0 mg/m®. Although this explains the se-
quence of the decision tree, these steps are repeated in several interior
nodes until the algorithm reaches the leaf node when a decision is made
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on concentration prediction, considering the temperature and RH
variables.

An ensemble of decision trees was developed based on this algo-
rithm and trained using the same data. The results of all models were
combined via an ensemble-learning process. The results of all the trees
used in the model were combined to determine the final RF prediction,
as shown in Fig. 3(b). This model makes concentration predictions
based on the outputs of all decision trees involved in the training, and
ultimately determines the predicted concentration as the mean con-
centration from all trees. The MSE criterion was calculated to evaluate
model performance.

3.5. Support vector machines

This algorithm is a supervised method that predicts discrete values
that are similar in principle to categorical SVM. Similar to linear re-
gression principles, the support vector regressor (SVR) determines the
line of best fit through the data points, and in the case of higher-di-
mensional data, obtains the hyperplane of best fit. However, unlike
linear regression, which minimizes the sum of the squared errors be-
tween data points and the plane of best fit, the objective of SVR is to
establish the line of best fit within a threshold error value.

The SVR algorithm achieves this by minimizing the objective function
expressed by Eq. (5), which minimizes the error between the line of best fit
and the margins. The corresponding error term in this case is then con-
sidered the constraint given in Eq. (6), where the absolute error is set to be
less than or equal to the acceptable error of the proposed model. However,
some data points are likely to fall outside the constraint margins. A slack
variable (the second term in Eq. (5)) is added to minimize the error margin
to account for these points in the optimum hyperplane generation.

The difference between the hyperplane of best fit and the data
points outside the error margins introduces errors in the algorithm.
Consequently, the deviations are added to the new objective function
and minimized to account for these data points and minimize the error
margins. This algorithm maximizes the prediction of coal dust con-
centration within an acceptable margin of error of 5%. The 70:30
train-test split was applied to train and test the model, and MSE was
used to evaluate the performance of the model.

1 n
MIN = = [wiP + C 3 1§

i=1

G)

y, —wxl <e+ 1€ (6)

where, w denotes the weight vector of the model, w, is i-th component
of the weight vector w while x; is the input feature vector for the i-th
data sample. The scalar y; represents the corresponding true target
value. The slack variable £ accounts for deviations beyond the
e-insensitive margin, with ¢ specifying the tolerance band within which
no penalty is applied for prediction errors. The regularization para-
meter C > 0 balances the trade-off between minimizing model com-
plexity, represented by the squared Euclidean norm |lwll2, and pena-
lizing the magnitude of deviations captured by £.

4. Results and discussion

The results of the sensor evaluation and the performance of the
calibration models were analyzed to compare the performances of the
five calibration models used in this study. The performances of the
sensors were also evaluated to determine the feasibility of adopting
these low-cost PM sensors for coal dust monitoring using the in-
vestigated calibration models.

4.1. Preliminary data analysis

The raw data obtained from the experiments are presented in
Fig. 4(a) and (b). Fig. 4(a) and (b) shows the time-series data of the raw
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Fig. 4. (a) Time-series data comparing the responses of the reference monitors
and low-cost PM sensors. This figure shows a total of 1028 min (17.2h) of
monitoring data. (b) Time-series data of RH and temperature conditions
throughout the testing period.

sensor outputs recorded over the testing period for all six low-cost
sensors and two reference monitors. The corresponding time series for
RH and temperature conditions are presented in separate plots in
Fig. 4(b) to visualize the trends under these conditions during the
testing period. Sensor outputs were corrected using the calibration
models developed in this study. The data presented here represent the
combined results from several days of monitoring. Variations in the
outputs and the presence of spikes in these data were the result of
changes in the concentration within the wind tunnel throughout the
testing period. The performance of the calibration models on these data
is discussed in subsequent sections.

4.2. Simple linear regression

The results of the SLR calibration models are presented in Figs. 5
and 6. Fig. 5 shows a pairwise correlation between all sensors and
monitors used in this study presented as scatter plots, with the corre-
lation coefficients for each scatter plot displayed. These plots were
generated using uncalibrated data from the sensors to clarify the be-
havior of the outputs generated by the sensors relative to the reference
monitors. All the sensors exhibited a positive response to changes in
concentration, with correlation values ranging from 0.83 to 0.98. In
general, the response of the sensors were in better agreement with the
reference monitors than with the results of a previous study [48]. This
strong performance is linked to the considerably higher number of data
points used in this study. A higher number of data points for regression
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has been demonstrated to statistically improve model performance.
However, although the two PMS sensors yielded an entirely linear re-
sponse with correlation coefficients of 0.95, the Airtrek and GasLab
sensors had significantly lower correlations with PDM. The lower cor-
relation of the Airtrek and GasLab sensors was caused by their limited
upper concentration limits of 2.0 and 1.0 mg/m?, respectively, creating
an exponential trend for their data. These results are consistent with
those of a previous study that highlighted the measurement limitations
of the GasLab and Airtrek sensors [48].

A SLR calibration model, developed to correct the sensor response,
was trained using 70% of the dataset and tested using the remaining
30%. The model was trained using the ordinary least-squares regression
method to generate an SLR model. Each model built for each sensor was
in the format discussed in Section 3.1, using the coefficients of the
sensor outputs, slope of the calibration curve, and intercept. Fig. 6
shows a comparison of the actual and predicted values generated from
this model using the testing dataset, with the correlation coefficients for
each model shown in the plots. These results were compared with the
uncalibrated responses of the sensors. The actual values are represented
by the PDM concentrations on the x-axis, whereas the predicted values
are indicated by the sensor-corrected concentrations on the y-axis. The
Pearson correlation coefficient was used to evaluate these models over
the coefficient of determination because, whereas the latter is used to
determine the correlation of the model, the Pearson correlation de-
termines the strength and direction of the linear relationship. These
results indicate slight improvement in the sensor performance, with
minimal to no improvement in the correlation values, compared to the
uncalibrated performance.

A significant drawback observed in these models is that for models
whose y-intercept was negative, as shown in Fig. 6(b), (c), (e), and (f),
the model predicted negative concentrations for PDM concentrations
lower than the x-intercept. Another critical limitation of using an SLR
model is its inability to account for multiple independent variables.

4.3. Multiple linear regression

The effects of RH and temperature were considered and analyzed in
the proposed MLR model, which was developed to calibrate low-cost
PM sensors. This was expected to yield a better performance than the
SLR method because temperature and RH influence the outputs of op-
tical PM sensors. The results of these models are presented in Fig. 7,
which compares the performance of the MLR calibration model with
that of the SLR model. An MLR calibration model was generated for
each sensor in the format described in Eq. (3), Section 3.2. This model
was trained using 70% of the sensor dataset and tested using the re-
maining 30%.

After accounting for RH and temperature, the MLR models cali-
brated the low-cost PM sensors slightly better than the SLR models.



N.A. Amoah, M.M. Zaid, X. Du et al.

p=0.95 s p=094 e

PMS2

Aurtrek1

Green and Smart Mining Engineering 2 (2025) 301-312

Airtrek2
>

Gaslab1

05
Gaslab1

05

1
Artrek1 Airtrek2 Gaslab2

Fig. 5. Pairwise correlation among the six sensors and the PDM and APS using the 70% training dataset. The x- and y-axes represent the concentration outputs of the

sensors and monitors (in mg/ms), respectively.

Evaluating the performance of the model on 30% of the data unseen by
the model revealed a negligible increase in Pearson’s correlation coef-
ficient by 0-3% among the sensors compared with those of the SLR
models and yielded moderate MSE values (0.20-0.33 mg/ms). This
evaluation compared the actual concentrations recorded by the PDM
with the concentrations predicted based on the raw sensor output,
which were corrected using the MLR model. These results suggest that
accounting for temperature and RH correction in linear regression
models to calibrate low-cost sensors can improve their performance,
depending on the degree of influence of temperature and RH. This
demonstrates the influence of temperature and RH on the performance
of low-cost PM sensors, making it necessary to consider them in sensor
calibration models, although the performance increase is marginal
using MLR models. However, in this case, temperature and RH

minimally impacted the performance of the PMS sensors, which explains
why the performance increased slightly, accounting for temperature and
RH. The results showed that the performance increase was relatively
higher for the Airtrek and GasLab sensors, which exhibited exponential
responses, suggesting that these sensors were influenced more by tem-
perature and RH. The results also indicated that the exponential response
in the Airtrek and GasLab data could not be corrected using the MLR
model. Moreover, the model predicted negative values for concentrations
lower than the x-intercept of the plane of best fit.

4.4. Random forest regressor

The RFR calibration model significantly outperformed both the SLR
and MLR models for all six sensors. The results of the RFR prediction
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model are presented in Fig. 8, which compares its prediction perfor-
mance with that of the MLR model. This model emerged as one of the
best-performing calibration models investigated in this study, showing
an improved Pearson’s correlation (0.97 for both PMS1 and PMS2),
with an MSE of 0.02mg/m>. The Airtrek sensors yielded improved
correlations of 0.89 and 0.91 for Airtrekl and Airtrek2, respectively,
with an MSE of 0.07 mg/m?> for both sensors. The GasLab sensors also
showed improved correlations of 0.93 and 0.92 for GasLabl and Ga-
sLab2, respectively, with corresponding MSE values of 0.04 and

(a) (b)

PDM concentration. The sensors are (a) PMS1, (b)Airtrekl, (¢) GasLabl, (d) PMS2,

0.06 mg/m>. As shown in Fig. 8, the poor performance of the regression
models at lower concentrations, leading to the prediction of negative
concentrations, was corrected by the RFR model, showing a significant
improvement in correction performance for all six sensors, as indicated
by the Pearson correlations shown in the plots. Moreover, a near-perfect
1:1 linear relationship was established, even for sensors that initially
yielded exponential curves. The results of this model showed that the
RFR calibration values were more condensed around the calibration
curve, indicating a better fit than regression models. This is more
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Fig. 7. MLR results showing its comparison with the SLR model. The sensors are (a) PMS1, (b)Airtrek1, (c) GasLabl, (d) PMS2, (e) Airtrek2, and (f) GasLab2.
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significant for the GasLab and Airtrek sensors, which initially showed
exponential trends. These findings are consistent with those of other
studies that have demonstrated the potential of RF models to outper-
form regression models. For example, a study improved the correlation
between the HK-B3 PM sensor and the MicroPEM monitor from 0.87
using linear regression to 0.98 using the RFR model [49]. This is not
surprising because of the ability of the RF model to balance datasets
with numerous variables and variations, making it suitable for complex
models.

As demonstrated by these results, RF can potentially be used as the
calibration model of choice for low-cost PM sensors in coal dust mon-
itoring. However, the model can be complicated by multiple parameters
that must be considered when developing the model. If incorrect values
are used, this will directly impact the model performance. In this study,
the hyperparameters were tuned using the RandomizedSearchCV
method of Scikit-Learn by performing a five-fold cross validation with
each iteration. In each iteration, a different combination of model set-
tings is used to search for the optimum hyperparameters. The optimum
combination of hyperparameters obtained from this search was used to
train the training dataset to obtain the results. In this study, the op-
timum hyperparameters included 500 trees, “auto” number of features
in consideration at every split, a maximum number of levels allowed at
each decision tree of 100, a minimum sample number of 3 to split at a
node, a minimum sample leaf of 3, and a “true” bootstrapped method
for sampling data points.

The RF calibration model structure highlights the relative im-
portance of the explanatory variables evaluated in this study. For these
low-cost PM sensors, the coal dust concentration response from the
sensors emerged as the most crucial predictor variable in the calibra-
tion, followed by RH. The temperature had the least effect on the de-
cision tree. This was determined by examining the rate of change in the
MSE when each variable was permuted in a decision tree. The decision
trees in this model were grown based on the importance of each ex-
planatory variable for predicting the true concentration. The MSE was
calculated each time, and an explanatory variable was included in the
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bootstrapped dataset. The importance of each parameter was de-
termined by calculating the rate of increase in the MSE during the
bootstrapping process. For a variable that significantly influenced the
prediction of the true concentration, permuting the variables in the
model significantly increased the MSE.

4.5. Artificial neural network

The ANN model used in this study to calibrate the sensors yielded
similar results with the RF model. Similar to the RF model, the ANN
model significantly outperformed the SLR and MLR models. The model
corrected the negative concentrations predicted by the regression
models while optimizing the 1:1 relationship between the PDM and
sensors. The prediction performance of the ANN model was compared
with that of the RFR model side-by-side (Fig. 9). Together, both models
exhibited the best performance among all the models used in this study,
with a similar Pearson’s correlation. Although the ANN model slightly
outperformed the RF model by 1% and 2% for PMS1 and Airtrekl,
respectively, the Pearson’s correlations for the remaining four sensors
remained the same for both models. Therefore, the ANN is considered
the best-performing model for low-cost PM sensor calibration in coal
dust monitoring, although it can be interchanged with the RF model
because of the closeness of their performance.

The parameters used in the ANN model determined the results of the
model. Tuning the hyperparameters of the layers in the ANN model
revealed that the optimum learning rate was 0.1 and the batch size was
30 with 60 epochs using the MSE as the loss function. With three input
values in the input layer, the values were passed to an optimum two-
layer hidden layer, each with 10 neurons. Finally, the output layer
contained one neuron, which contained the predicted coal dust con-
centration output. These parameters must be appropriately deployed to
ensure model accuracy and prevent suboptimal model performance. For
example, running the ANN model used in this calibration application
for more than 60 epochs is computationally expensive and offers in-
significant improvement in model performance.
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The results discussed in this section are for the application of the

optimum hyperparameters in training the training dataset and testing

using the testing dataset, which constituted 30% of the entire dataset.
The model was evaluated using Pearson’s correlation coefficient, which
yielded values of 0.98 and 0.97 for PMS1 and PMS2, respectively. These
results are consistent with those of other studies that applied ANN to
calibrate the Plantower PMS7003 sensor, increasing its R* value from

0.86 to 0.97 [49]
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4.6. Support vector machines

In addition to the SLR and MLR machine model, the SVM exhibited
the worst calibration performance among the evaluated models.
Because linear regression models have the drawback of not fitting no-
so-linear dataset with high accuracy, the SVM model was expected to
significantly correct the outputs of the sensors. However, inaccuracy

tendencies remained in the predictive evaluation. The results for the
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SVM model are presented in Fig. 10 as scatter plots of the PDM con-
centrations against the predicted calibrated sensor outputs compared
with the ANN model results. The results highlight the significant dif-
ference in the performance between these two models. Although the
SVM model results showed minimal improvement in sensor perfor-
mance for the Airtrek and GasLab sensors, it did not perform better than
other models tested for the PMS sensors after calibration. The correla-
tions of Airtrekl and Airtrek2 increased from 0.84 and 0.82 to 0.86 and
0.89, respectively, corresponding to MSEs of 0.30 and 0.29 mg/m?,
respectively. The GasLab sensors recorded an increase in correlations
from 0.82 and 0.81 to 0.85 and 0.88, respectively, with corresponding
MSEs of 0.32 and 0.30 mg/m®. However, Pearson’s correlations for
PMS1 and PMS2 showed no improvement, with Pearson’s correlation of
0.95 and an MSE value of 0.20 mg/m>. In addition to these correlations,
the MSE values generated by this model were significantly higher than
those generated by the RFR and ANN models.

A detailed analysis of the results revealed the drawbacks of linear
regression models. First, even after tuning the model hyperparameters
and applying the optimum parameters, the SVM model predicted a
significant number of negative concentrations for most sensors. This is
because the plane of best fit of the SVM model has a negative intercept
on the PDM concentration. When this occurs, lower concentrations are
predicted to be negative, which can be misleading. In our study, this
phenomenon was primarily caused by the features of the raw dataset,
which had negative y-intercept values. Second, an exponential re-
lationship was observed over the desired linear relationship between
the predicted sensor outputs and PDM concentrations for the Airtrek
and GasLab sensors. These results suggest the inability of the SVM
model to correct the portions of the sensor dataset that were oddly
correlated, although better performances have been observed in a
previous study.

5. Conclusions

Overexposure to respirable coal mine dust in underground coal
mines has been linked to the recent resurgence of pneumoconiosis
among coal workers. Effective real-time personal coal dust monitoring
in underground coal mines provides timely detection of overexposure,
enabling the implementation of control measures. However, the cur-
rently used PDM3700 personal coal dust monitor is very expensive for
all miners, which hinders many miners from knowing their exposure
levels. Low-cost PM sensors are used to measure personal exposure le-
vels with high spatial and temporal resolutions owing to their low cost,
small size, and light weight. However, these sensors require powerful
calibration to ensure accuracy during long-term deployment. Although
these sensors have been previously calibrated using SLR models, a more
accurate calibration model is required for improved accuracy.
Therefore, this study compared the performance of five machine-
learning algorithms for calibrating low-cost PM sensors for coal dust
monitoring.

The main conclusions of this study are as follows. Superiority of
machine learning models (ANN and RFR) over traditional regression
techniques for sensor calibration was demonstrated. Significant im-
provements in the correlation coefficients and accuracy were achieved
using low-cost PM sensors calibrated using ANN and RFR. These cali-
brated sensors can be implemented for coal dust monitoring in mining
environments. This streamlined approach will emphasize the con-
tributions and practical implications of this study.
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