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ARTICLE INFO ABSTRACT

Keywords: Poor air quality can provoke severe impacts on health, necessitating environmental monitoring of atmospheric

Calibration particulate matter (PM) to assess potential threats to human well-being. However, traditional continuous air

flr poltution quality monitoring systems are often costly and time-consuming in data treatment. Lately, there is a growing
ow-cost . o trend towards the use of low-cost wireless PM sensors, providing more detailed information than standard

Environmental wireless monitoring . . . X . )

LoRaWAN systems. This paper presents a system designed to measure air quality, specifically, a wireless sensor network

composed of a distributed sensor network linked to a cloud system. The proposed system can efficiently measure
air quality as it is cost-effective, small-sized, and consumes little power. Sensor nodes based on low-power long
range (LoRa) motes transmit field measurement data to the cloud via a gateway, and a cloud computing system is
implemented to store, monitor, process, and visualise the data. Advanced techniques were included in our cloud
for data processing and analysis to optimise the detection of PM. Laboratory and field tests in the historic Riotinto
mine validate the system’s viability, offering real-time air quality information for nearby populations. Once
calibrated, sensors demonstrate high accuracy, presenting mean error of —0.3% and low deviation (R? = 0.96)
when compared to regulatory systems for both low (<10 pgPM;o/m®) and hazardous concentrations (300
1gPM;/m>), which makes them perfect as early warning systems for atmospheric pollution in mining.

pm, PMy5) and coarse PM (particles with a diameter below 10 pm,
PM;o) to mitigate the adverse effects of air pollution. Conventional

1. Introduction

Over the last decade, researchers have been studying air quality
monitoring systems because environmental pollution in both developed
and developing countries is a major health concern (Marques et al.,
2019; Kim et al., 2014). Growing concern about the detrimental impact
of particulate matter (PM) on human health has prompted global leg-
islative measures. This is evident in directives like Directive
2008/50/EC from the European Parliament and Council (2008), air
quality standards established by China’s Ministry of Ecology and Envi-
ronment China, 2016, regulations enforced by the United States Envi-
ronmental Protection Agency (U. S. EPA, 2023), and guidelines provided
by the European Environmental Agency (EEA, 2022). To address these
concerns, the World Health Organization (WHO, 2021) has set specific
concentration levels for fine PM (particles with a diameter below 2.5

methods for monitoring air quality typically involve stationary stations
equipped with various instruments or manual sampling at different lo-
cations, followed by specialized laboratory testing. Despite their general
accuracy, these methods have drawbacks, necessitating the use of large,
power-intensive, and expensive instruments. Additionally, skilled
personnel are crucial for their proper operation, as highlighted by Idrees
and Zheng (2020). Therefore, new, small, portable, scalable, and
energy-efficient devices have appeared, which are less accurate than the
reference instruments but yield more data points and are thus not
intended to replace but to supplement them (Camprodon et al., 2019).
To create cost-effective air quality monitoring systems, various types of
sensors, such as electrochemical, chemoresistive, and non-dispersive
infrared sensors, have been considered. These could be the building
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blocks for portable analysers, which would be able to communicate with
either local or cloud servers and recognise alarm scenarios in the local
area. However, despite the increasing accuracy of modern sensing
technologies, additional validation and/or calibration are required for
these devices before they can be utilised (Zafra-Pérez et al., 2023a;
Dubey et al., 2022; Lung et al., 2020; Morawska et al., 2018; Fishbain
et al., 2017; Clements et al., 2017).

In the field of air quality monitoring, low-cost sensors (LCS) are
emerging as a promising alternative to traditional fixed-site stations.
These conventional stations, known for their immobility, high expenses,
and continuous maintenance requirements (Brauer et al., 2019), find a
compelling counterpart in LCS. When appropriately calibrated, LCS
have the ability to offer almost real-time measurements with significant
spatial and temporal accuracy (Snyder et al., 2013). This capability
proves valuable in identifying spatial trends in the distribution of PM in
the air, as evidenced by recent studies (Giordano et al., 2021;
Jovasevic-Stojanovic et al., 2015). The adaptability of LCS is highlighted
in their recent applications for monitoring air quality in real-time. In-
stances include their use in vehicles for tracking city air quality (Wu
et al., 2020), deployment in open-pit mines using pickup trucks and
drones (Zafra-Pérez et al., 2023a and Zafra-Pérez et al., 2023b),
assessment of tree damage from wildfires in forests (Price and Forehead,
2021), monitoring air quality and animal welfare on livestock farms
(Tugnolo et al., 2022), and application on roads to address traffic-related
concerns (Sheikh et al., 2023) and intra-urban air pollution predictions
(Liang et al., 2023). This shift towards utilizing LCS not only enhances
the effectiveness of air quality monitoring but also broadens its appli-
cability across various settings and scenarios.

Current monitoring approaches in this field can be boosted using
wireless sensor networks (WSNs) that make use of microcontrollers and
communication technologies, enabling an adequate response in real-
time and enhancing the spatial resolution of the measurements (Wang
et al., 2020; Postolache et al., 2009). The selection of communication
technology to be utilised in a WSN is determined by the environment
and its intended applications (Yick et al., 2008; Garcia-Martin et al.,
2023). Recently, WSNs have typically used well-established devices and
protocols, such as Bluetooth, Wi-Fi, and ZigBee, for applications
involving short to intermediate transmission distances (Wall et al., 2021;
Xia et al., 2020; Choudhury et al., 2018; Mois et al., 2017). On the other
hand, applications that require minimal power consumption while
operating with low data rates using long-range wireless communica-
tions, have been enabled by the emergence of low-power wide area
networks (LPWANs). The LPWAN space utilises several promising
technologies, such as the Narrowband Internet of Things (NB-IoT),
Sigfox, and long range (LoRa) technology (Hidalgo-Fort et al., 2023;
Jabbar et al., 2022; Azari et al., 2020). Among them, NB-IoT provides
the highest data rate and payload size, but the fact that it operates in
licenced Long-Term Evolution (LTE) frequency bands has led to its
exclusion due to cost considerations. Sigfox provides a longer trans-
mission range than LoRa, but is subject to subscription charges for each
installed node, as it is deployed by network operators. Additionally, the
multiple transmission of messages requires ensuring reliability, resulting
in higher energy requirements. Therefore, the LoRa and LoRaWAN
protocols were chosen to construct the network as a feasible option for
extensively distributed measurement systems.

LoRa is a spread spectrum modulation technique based on chirp
spread spectrum (CSS) technology. Its main advantage is that it operates
in the unlicensed sub-GHz industrial, scientific, and medical (ISM) band.
LoRa provides data rates ranging from 300 bps to a maximum of 50 kbps
depending on the settings of the spreading factor (SF) and channel
bandwidth (BW). The signal airtime and power consumption are
determined by the transmission power (TP), SF, coding rate (CR), and
preamble length (Ebi et al., 2019). LoRaWAN is a media access control
(MAC) protocol developed for wide area networks with the purpose of
enabling low-power devices to communicate with applications that are
connected to the Internet using long-range wireless connections.
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LoRaWAN technology offers a range of advantageous features, including
support for redundant operations, geolocation, cost-effectiveness, and
low-power implementation (Lee and Ke, 2018). Devices that use LoR-
aWAN can be powered by energy harvesting technologies, enabling
greater mobility and ease of use in the Internet of Things (IoT). More-
over, the protocol provides robust security measures such as origin
authentication, integrity protection, replay protection, and full
end-to-end encryption. When LoRa is used for the design of nodes and
network communications, it enables the creation of low-power nodes
capable of data transmission over long distances. The LoRa WAN pro-
tocol implements an authentication process between the nodes and
network server as an additional step to ensure data security.

In recent years, cloud computing and the IoT have become popular
emerging technologies in wireless communication (Santos et al., 2019).
Cloud computing is a type of remote server that is available on the
Internet and can handle requests at any time. It enables users to gain
access to data or services from any device or location as long as they
have access to the Internet (Arroyo et al., 2019; Botta et al., 2016; Diaz
et al., 2016). Furthermore, the IoT is a network of interconnected,
self-configuring devices capable of collecting and exchanging data.
Cloud technology provides considerable benefits such as virtually
endless storage space and significant processing power. However, limi-
tations and disadvantages exist in these two technologies, but they can
complement each other’s drawbacks. In other words, the unlimited ca-
pacity, storage, and communication provided by Cloud technology can
be beneficial for IoT, while the ability to interact with the “real world” is
provided to the Cloud through the IoT. This type of architecture has
already been implemented in various fields, such as healthcare, smart
cities, and environmental monitoring (Kumar et al., 2018; Eirinaki et al.,
2018; Yang et al, 2019). In addition, the combination of cloud
computing and IoT has led to the development of cloud-based services
that provide data storage and/or processing for IoT devices (Ray, 2016).
Options for open-source projects are also available. Nevertheless, for the
work presented in this paper, the decision was made to use our own
cloud; accordingly, it can be customised for the specific requirements
needed for our case and also to ensure independence from privately
available options.

This study investigates the development of an IoT system that com-
bines a low-cost WSN (LCWSN) with cloud services to monitor and
detect air pollutants in real time inexpensively, while also providing
data processing capabilities. It consists of a wireless sensing network
whose sensing nodes include a data processing module (microcontrol-
ler), wireless communication module (wireless transceiver), battery, PM
sensor, temperature/humidity sensor, GPS sensor, solar panel, and
auxiliary elements for interfaces. The entire system is protected using a
specific protection box. The network was tested and validated through
its deployment in an outdoor environment. The network was put into
action in a real-world scenario by deploying it at the Riotinto copper
mining complex, located approximately 55 km southwest of the Uni-
versity of Huelva in Spain. This complex, recognized as one of the
world’s largest deposits of volcanogenic massive sulphide (VMS)
covering an area of around 20 km?, is part of the Iberian Pyrite Belt. The
mining site, known for its extensive open-pit operations, releases sig-
nificant amounts of PM into the atmosphere (Sanchez de la Campa et al.,
2020). Since the resumption of mining activities in 2015, there has been
a noteworthy release of airborne particulate matter (APM), leading to
growing environmental and health concerns among the local popula-
tion. The renewed mining operations have triggered apprehensions
about air quality and potential health risks associated with the dust
particles generated during these activities (Boente et al., 2022).

In this work, a self-sustainable wireless sensor network implements a
time-unlimited autonomous operation, since the battery will always be
charged during the daylight hours thanks to a small photovoltaic panel,
requiring minimum human intervention. This strategy has been
conciliated with low-power electronic designs at hardware level and
with operation techniques in the firmware, resulting in efficient power
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management. Thus, a proper choice of low power hardware components
with selectable power states and a customized wireless solution with
sleep periods allow achieving an optimized power consumption of the
system. In addition, the WSN has been designed to fulfil other proper-
ties, such as, compact design, robustness, spatial flexibility, security, and
competitive quality/price ratio, which provide a wide application
prospect. Low-cost commercial off-the-shelf items were used in the
hardware. An optimized method to calibrate the low-cost devices has
been used to ensure the reliability of the data and make the network
scientifically approved. This paper overcomes the lack of technologies
for the permanent monitoring of PM in open-pit mines by detecting in
real-time fugitive emissions due to daily mining operations, assessing
the impact of the mine on nearby populations, and alerting remotely on
unhealthy PM concentrations. Experimental results confirm the feasi-
bility of the implementation of the wireless sensor network and the
usefulness of the online monitoring of PM concentrations in air using
low-cost sensors, after comprehensive calibration.

2. System design and implementation methodology

This section provides an in-depth description of various components
of the system. It begins by outlining the architecture of the proposed
WSN, followed by a description of the designed sensor nodes, which are
responsible for performing measurements and transmitting data wire-
lessly. The network possesses a central node that receives data while also
acting as a gateway, which enables a user to manage the network, server
connections, and data preprocessing. A description of the entire data
processing operation is also provided. Subsequently, the functioning of
the gateway is explained, with the last subsection dedicated to pre-
senting the software tools available to the end-user and the cloud system
services that manage data storage and classification.

2.1. Network deployment

The developed system provides air quality monitoring and pollutant
detection using a scalable LoRa-based sensor network in a robust and
low-power configuration. The sensor network comprises two primary
components, namely, the gateway and end nodes, which integrate the
sensors. The readings from the sensors are stored on a local server, and a
PC was used to process the data and allow visualisation. Alternatively, a
front-end application can perform this process on a mobile phone.
Network deployment requires the LoRa gateway to access the Internet;
thus, it must be placed in a location with Wi-Fi access. Once the
connection to the cloud server is established, uplink and downlink data
transmissions between the server and the nodes can be carried out. In
each sampling period, the nodes go through the process of performing a
new measurement and sending the information, previously codified, to
the server, before returning to deep sleep mode. On the server side, the
data are processed and stored so that they can be later visualised using a
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front-end web that has been specifically developed to access and visually
represent the acquired data. An illustration of the proposed system is
shown in Fig. 1. To satisfy the requirements of ambient air quality
measurement systems, particular considerations were applied to the
design of each element of the network, regardless of the shared
structure.

2.2. Hardware description of the sensor nodes

The sensor nodes operate as follows: Readings from the sensors are
received and processed by a microcontroller, and subsequently trans-
ferred using a wireless transceiver, which is a radio frequency (RF)
module that facilitates communication. Energy usage must be low; thus,
the electronics of the system, from sensors and microcontrollers to
conditioning interfaces and the wireless transceiver, must be low power
devices. Data transmission must also be managed accordingly, as it re-
quires significant amounts of energy.

Sensor nodes, which can collect and transmit data concerning par-
ticles present in the air, were developed to reduce cost and size. The
device that enabled these measurements was an HPMA115c0-004 air
quality sensor (Honeywell, 2021), which was integrated into each sensor
node (Table SM1). This laser-based device can detect and count particles
in the range of 0 pg/m> to 1.000 pg/m>, using light scattering. The
measurements were performed at the decision of the microcontroller
and subsequently processed and sent via the Universal Asynchronous
Receiver-Transmitter (UART) to the LoRa radio module, which trans-
mitted them to the LoRaWAN gateway. For this application, an
ATmega2560 microcontroller and RN2483 module (Microchip) were
used to implement wireless data transfer at a radio frequency of 868
MHz. The data were transferred to the database can be performed at
10-min intervals. Apart from the fundamental elements of an IoT device,
namely, the sensor, microcontroller, and radio module, the system also
includes a number of additional elements. The MC33275DT-3.0G pro-
vides the system with a regulated 3.3 V voltage supply, which powers all
the components of the system apart from the Global Positioning System
(GPS) and the air quality sensor, which operate at 5 V. This additional
voltage supply was obtained using a DC/DC boost converter, CE8301.
Moreover, the system integrates a humidity and temperature sensor
(HIH8130 from Honeywell) and an antenna, which was attached using
an SMA (SubMiniature version A) connector. Finally, two
IRLML9303TRPBF MOSFETs, which act as analogue switches, are used
to disconnect from power supply devices that are highly
energy-consuming when they are not in use. This applies to the air
quality sensor and GPS, which can be deactivated (OFF state) during the
time period between measurements. The switches connected both the
GPS and particle sensors to the power supply and activated them (ON
state) for the required duration every 10 min when new measurements
were performed. This approach ensures energy efficient operation of the
sensor nodes by alternating between active and low-power consumption

SENSOR —
NODE 1 « -
) oy y
SENSOR & '
NODE 2 .) Wi-Fi or TCP/IP ‘s
e access
SENSOR server monitoring
——
R RED information management system

Fig. 1. LoRa sensor network operation scheme.
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cycles.

A waterproof enclosure was used for the placement of the sensors
with perforations to allow the entrance of external air and enable par-
ticle measurements. The hardware design of the network’s wireless
sensor nodes is shown in Fig. 2. The dimensions of the complete as-
sembly were approximately 115 mm (L) x 70 mm (W) x 30 mm (D).

The power supply is provided by a solar panel connected to backup
batteries, with the additional provision of household electricity, which is
easy to access. The small 1.5 W photovoltaic panel, shown in Fig. 1, is
responsible for supplying energy to the 3.7 V/3 Ah lithium battery
(18650 cell) through a battery charging circuit. The average energy
consumption is only 1.13 mAh due to the mentioned hardware and
firmware strategies (switches and sleep mode, respectively). Thus, the
sensor node is only active for a few seconds every 10 min (sampling
time) taking into account the settling time of some sensors, such as, PM
sensor and GPS. To reduce power consumption, the GPS has a slower
sampling time than the rest of the components because in the target

DC/DC
converter

PM sensor

Antenna T/H sensor
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application the sensor nodes are located in static positions. However, for
an application where the use of mobile sensor nodes is required to
measure PM (Zafra-Pérez et al., 2023b), the sampling time of the GPS
would need to be increased. Although the charge of the battery is
maintained by the photovoltaic panel to achieve full energy autonomy,
if the recharging of the system is interrupted due to unfavorable weather
conditions or a failure of the photovoltaic panel, the system can be in
continuous operation for 89 days without a power supply, calculated if
the discharge of the battery is limited to 80% of the total.

2.3. Coordinator node or gateway

The developed sensor network was intended to monitor the air
quality in an outdoor environment (for testing, the nodes were placed at
various locations on the University Campus). A PC was used for data
handling and access to a monitoring application, with access to the
network provided by the coordinator node acting as a gateway for the

LoRa
transceiver

Battery GPS

Battery connector and
charger controller

Microcontroller

o —e— e e ———————— — ———

Battery and \

EERR

s oo

Temperature

and humidity

ClEliss«— PV panel
controller

I

@ |

! I

- |

I

= « =« Control I

+++ees Data I
Power line

Fig. 2. Proposed LoRa wireless network node. (a) Hardware board. (b) Block diagram of the architecture.
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system. The coordinator node includes the Microchip RN2483 wireless
LoRa module and an analog to digital converter with expansion con-
nectors to include new sensors, as shown in Fig. 3, which shows the
board of the coordinator device. The data storage and functionalities
that enable the visualisation of significant information regarding the
entire network are provided by a Raspberry Pi, which was connected to
the coordinator node via serial communication. A connection from the
Raspberry Pi was also used to provide power to the coordinator node.
Finally, the SMA connector enables connecting an antenna to the device.

As indicated above, a Raspberry Pi is part of the system used for data
storage, calculations, and implementation of the system controller. This
inexpensive computer contains a 1.4 GHz quad-core, 64-bit central
processing unit (CPU), 1 GB of random access memory (RAM), and
hardware providing wireless connectivity at a cost of less than $30. In
addition, it provides 40 general-purpose input/output (GPIO) pins and a
universal serial bus (USB) 2.0 port with a guaranteed data rate of 300
Mbps. The Raspberry Pi operating system is Linux Raspbian. The
Raspberry Pi is responsible for sending data to the server and storing
information in the database.

2.4. Programming

Fig. 4a illustrates a flowchart of the sensor nodes. After a specified
time, the sensor node awakens. It activates two analogue switches
(Fig. 2) and waits for a reasonable amount of time to perform all the
required measurements. Thus, the microcontroller collects measure-
ments from the PM sensor, GPS, and temperature/humidity sensors.
Subsequently, the two switches are deactivated. The microcontroller
sends the data to the transceiver, which transmits them to the coordi-
nator node to be stored in the database. Proper reception is confirmed by
an acknowledgement of the coordinator, and the microcontroller and
transceiver enter sleep mode. After a specified time, the sensor node
wakes up (and the microcontroller also wakes up to manage the

0009000000

Antenna

Expansion LoRa
connector connectors transceiver

Analog to digital
converter

(a)

(b)

Fig. 3. Images depicting the coordinator node, which is connected to the
Raspberry Pi (located at the bottom). (a) Top view. (b) Side view.
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sensors). In contrast, if no data are received by the coordinator, three
attempts are made. If the sensor node does not receive an acknowl-
edgement after these attempts, it performs another measurement.

The programming of the coordinator node is illustrated in Fig. 4b.
The program initially checks connections to the server where the data
are to be saved. If there is no connection, an error is sent, and the
connection is checked again. When a connection is established, con-
current programming is used, where two threads are launched from the
beginning of the program. The LoRa thread reads the information that
arrives from the port through which the LoRa transceiver is connected,; if
the data are received, it sends an acknowledgement to the sensor node.
The DB thread decrypts the received information, saves it in the data-
base, and updates the variables for monitoring.

The application running on the server was executed in Python. A
flowchart of this is shown in Fig. 4c. The application begins by initial-
ising the necessary services, and the last 100 received values are used to
display the real-time monitoring information. If the Web receives any
modification iteration on the dates or a change in the sensors, it updates
the data through queries to the database.

2.5. Server database and graphical interface

The messages that arrive at the server from the nodes through the
uplink must be decoded to extract data, which is performed using a
payload function. Following this step, the data are formatted based on
the specifications of the front-end application, that is, the graphical
interface. The server implements a My Structured Query Language
(MySQL) database to store the measurement data from the sensors.
Consequently, the system provides a historical record of the measure-
ments on top of the graphic interface available to the user. The front-end
application was developed using Open-Source Software (OSS), which
reduces overall system costs by avoiding licencing and software main-
tenance fees.

For data visualisation, a solution based on the Python dash library
was implemented with a local server storing the data and making them
available for visualisation through a Web service that can be remotely
accessed through the Internet by any device. For the application to
provide this remote access, the user must first provide their identifica-
tion credentials, which are passed to the end-user identification service.
Snapshots of the graphical interface are shown in Fig. 5. The user can
select the measurements to be displayed and the corresponding date
using a calendar. In addition to graphical representation, the data can
also be downloaded as a Comma-Separated Value (CSV) file. Further
information regarding the state of the system and its components can be
consulted on different pages, with configuration options available.

The development of servers and graphical user interfaces has enabled
real-time monitoring. The interface enables the user to easily visualise
and access data from any sensor node.

2.6. Calibration of the sensor nodes and validation

The PM sensor nodes used in this study (Honeywell HPMA115c0-
004) were calibrated using a reference instrument (DustTrak TSI8530)
(TSI, 2024). The properties of the material and the weather conditions in
our study site were not the same as those in the Riotinto mining com-
plex. Because of this disparity, some experts stress the importance of
meticulous calibration. They suggest utilizing standard equipment and
recreating conditions typically encountered in real workplaces to
guarantee precise sensor functionality (Giordano et al., 2021; Wallace
et al., 2011).

Before starting the sampling campaign, we meticulously calibrated
the PM sensor. This calibration followed the official European Com-
mission (EC Working Group, 2010) and United States Environmental
Protection Agency (U. S. EPA, 2022) protocols. Furthermore, we
confirmed the accuracy of the results by validating them using regres-
sion methods, as suggested by Badura et al. (2019), including a set of
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Fig. 4. Flow diagram for: (a) sensor nodes, (b) coordinator (gateway) node, (c) application on the server.

calibration and a set to validate results via reference devices (Beta
attenuation and PM;o/PM; 5 quartz fibre filters in sampling collectors,
which will be described below). This calibration approach has also
demonstrated its effectiveness in mining environments, as highlighted in
the work of Zafra-Pérez et al. (2023), and provides insights into the
sensor’s performance under real conditions. Moreover, this modern
methodology of calibration has been recently validated and used by
other authors in similar studies (Furuta et al., 2024; Aix et al., 2023;
Zimmerman, 2022).

In line with the recommendations of the United States Environ-
mental Protection Agency, there are two approaches for evaluating low-
cost PM sensors. On the one hand, we have the ‘enhanced’ test where the
WOSN is evaluated in the laboratory and on the other hand, the ‘base’ test,
which is the one performed, where the WSN sensor is located next to
regulatory grade monitors (Duvall et al., 2021; Feenstra et al., 2019;
Liang and Daniels, 2022).

In pursuit of this aim, we conducted an extensive outdoor field
campaign spanning 64 days, accumulating a remarkable 1549 h of
continuous monitoring. In this extensive campaign, we deployed two
advanced devices strategically positioned at an officially sanctioned air
quality monitoring station run by the Andalusian regional government.
The station, located 55 km away from Huelva city, was chosen due to its
similar climate conditions. However, calibration in the nearest area was
not possible due to equipment limitations. Throughout the campaign,
we measured WSNs alongside two instruments. Firstly, we used a beta
attenuation 5014i model (Thermo Scientific, Franklin, USA, UNE-EN
16450, 2017). This monitoring equipment at a fixed site provided
continuous real-time PM;( concentration readings with an impressive
0.1 pgPM;o/m? resolution and a time resolution of 1 s. Secondly, we
employed a regulatory high-volume air sampler (MCV CAVF-PM1025,
30 m%hl, Barcelona, Spain) adhering to the UNE-EN 12341 standard
(2015). Equipped with PM;o and PMjy 5 Munktell quartz fibre filters, the



A. Zafra-Pérez et al.

Atmospheric Pollution Research 15 (2024) 102208

Download CSV.

September 2023

WSN Particles

sep 24 sep 25 Sep 26 sep 27

sep 28 Sep 29 sep 30

'WSN Particles

PM 10 ug/m?*

WSN Particles

oct 8 oct 15

oct 22 oct 29

Fig. 5. Snapshots of the graphical user interface, where the following can be visualised: (a) temperature, (b) PM in the atmosphere, (c) location of the sensor node in

the laboratory.

sampler collected PM over a 24-h period. Subsequently, PM; and PM3 5
concentrations were determined in the laboratory using the gravimetric
standard procedure (UNE-EN 12341, 2015). This procedure entails
collecting PM from pre-weighed filters, followed by weighing after
sampling and conditioning to eliminate particle-bound water, as

outlined by Wallace and Hopke (2022).

To assess accuracy metrics for both hourly and 24-h averages, as
recommended by Clements et al. (2022), we carefully analysed the data
obtained from these instruments. The simultaneous data collection from
both apparatuses provided a robust and comprehensive dataset for our
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investigation.

The data treatment process for calibration closely followed the
methodologies employed by prominent researchers (Zimmerman, 2022;
Clements et al., 2022; Duvall et al.,, 2021). It underwent a trans-
formation in time resolution during this process. The data from the WSN
and beta attenuation devices, both with a shared time resolution of 1 s,
could be compared directly. However, to synchronize them with the
high-volume air sampler (MCV), which operates on a distinct time res-
olution (24 h), we needed to average all the 1-s measurements from the
WSN and beta attenuation device to correspond to the 1-h and 24-h
periods.

Afterward, we assessed the quality of calibration by performing
linear regressions between two sets of data: 1) the measurements ob-
tained from the WSN and the beta attenuation device, and 2) the WSN
and MCV. We carefully scrutinized these linear regression analyses by
comparing them with results from other researchers to ensure the
robustness and accuracy of the calibration process. Once the validity of
the linear regressions was confirmed, we calculated a calibration factor
from the regressions involving the WSN and MCV. This calibration factor
plays a vital role in refining the raw PM data directly recorded by the
WSN. The corrected data aligned closely with the results obtained using
the regulatory apparatus, validating the effectiveness of the calibration
procedure. In addition to enhancing the reliability of the WSN mea-
surements, the calibration process also facilitated meaningful compari-
sons with data collected from established and recognized monitoring
instruments.

In conclusion, we employed a set of five statistical indicators to
thoroughly verify the accuracy of the corrected WSN PM;4/PM3 5 con-
centrations, aiming for a more reliable reflection of reality compared to
the raw WSN readings (Table SM2). These indicators have shown their
effectiveness in evaluating data quality for fine PM air sensors in prior
research (Molina Rueda et al., 2023; Gressent et al., 2020; Wu et al.,
2020). The indicators include mean bias (MB), normalized mean bias
(NMB), root mean square error (RMSE), normalized mean error (NME),
and normalized root mean square error (NRMSE). Detailed information
about these indicators can be found in the Supplementary Materials —
Part 1. To calculate these indicators, we followed the methodology
outlined by Emery et al. (2017).

Here, Cr/c indicates the raw data concentration of PM measured by
the WSN or the calibrated concentration of PM for the WSN, Cf denotes
the concentration of PM measured by fixed-site monitoring equipment
(beta attenuation or high-volume air sampler), and N indicates the
number of samples.

The WSN behaviour presents a significant concern related to PM
measurements, which may degrade over time owing to drift effects.
While some studies, such as that of Zafra-Pérez et al. (2023), have shown
that a WSN maintains long-term accuracy, others have observed po-
tential damage that affects the measurement quality under specific
external conditions (Bulot et al., 2019). Additionally, de Souza et al.
(2023) discovered a notable increase in the average bias after 3.5 years.
To tackle this issue, the authors recommend calibrating the sensor
annually to guarantee the quality of measurements (Zafra-Pérez et al.,
2023a).

3. Results
3.1. Network performance

To evaluate the communication performance between the LoRa
sensor nodes and the gateway for different configurations, the nodes
were positioned at various locations on a University Campus. The
gateway was kept in an indoor location, the nodes were placed at
different distances from the gateway, and its performance was tested for
various transmission powers. The other parameters of the network
configuration, that is, the carrier frequency (CF), SF, BW, preamble
length, and CR, were not modified during the tests. An 868 MHz CF was
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used because it is one of the two licence-free radio frequency bands in
the sub-gigahertz region available in Europe. A 125 kHz bandwidth was
set to ensure sufficient bitrate and sensitivity to detect the radio signal.
The value of the spreading factor was set to seven (maximum transfer
speed), the lowest it can take, with one coding that results in the lowest
time-on-air for the signal, thus reducing the energy consumption. In
addition, the energy requirements were further reduced using the
shortest length for the preamble. For the above configuration, the suc-
cess rate of the data transfer to the server was 98%.

The sensors were placed in different buildings at a distance of just
over 150 m from the gateway, with obstacles between them, that is,
without a direct line of sight. This setup ensures that network perfor-
mance is analysed under conditions that are not ideal for communica-
tion. During testing, the nodes were powered using a standard wall
socket, yet the system design and the characteristics of the configuration
were designed so that a low-power mode was used, which would enable
battery-powered operation of the nodes.

3.2. Evaluation of WSN monitoring

Upon performing the calibration, as detailed in Section 2.6, we
reveal the findings of comparing the WSN under assessment with the
currently deployed devices, including the beta attenuation 5014i device
and the regulatory MCV CAVF-PM1025 High-Volume Air Sampler
(Fig. 6). Upon initial examination, the PM data linked to the calibrated
data (illustrated in brown) demonstrate a closer match with the refer-
ence lines (depicted in purple) when compared to the raw data (shown
in blue). It is evident that, by default, the WSN has a tendency to un-
derestimate concentrations that may pose a risk, consistently reporting
values below those recorded by official equipment. However, with the
implementation of the new calibration method, this problem was suc-
cessfully resolved, and the measurements of the calibrated LCWSN were
similar to those of the reference equipment.

In this situation, calibrating PMy s has shown promising results,
especially when compared to similar processes in other studies that
employed linear regression (Table SM3). Notably, the R? value of 0.96
for the PMy 5 MCV CAVF-PM1025 filters is noteworthy as the second-
best adjustment among calibrations for the same sensor. These out-
comes are satisfactory, particularly since the equipment measures all
accumulated PM;o/PM3 5 every second across a 24-h span. It is vital to
acknowledge that such variations are often linked to different weather
conditions. Earlier researches by Di Antonio et al. (2018) and Malings
et al. (2020) highlighted that factors such as relative humidity (RH),
temperature (T), and high PM concentrations could adversely affect
WSN measurements. Moreover, Magi et al. (2020) confirmed that
increased RH levels can alter the refractive indices of atmospheric PM,
leading to hygroscopic growth and potential measurement errors.
Considering these insights, our calibration results signify significant
progress in addressing potential errors related to environmental condi-
tions, enhancing the overall reliability of the measurements.

To check how well the calibrated data matches the real measure-
ments, we employed different statistical indicators of goodness-of-fit,
alongside R2 In particular, for PMys, international organisations
focused on air pollution; for example, the EU (EC Working Group, 2010)
and the United States (U.S. EPA, 2022) have established threshold errors
for these statistical indicators. A concise summary of these thresholds is
provided in Table SM3, which clearly demonstrates that the calibrated
WSN values successfully achieve the objectives set by the United States
Environmental Protection Agency, which includes recommendations for
the slope, calibration line intersection, R, RMSE, and NRMSE statistical
indicators (Clements et al., 2022). All calibrated data exhibited sub-
stantial improvements compared with the raw data. Consequently, this
calibration process can be confidently deemed optimal for PMs s,
demonstrating the efficacy and accuracy of the methodology used.

Concerning the calibration of PM;y measurements, Table SM5 offers
a thorough comparison of different statistical indicators calculated using
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Fig. 6. (a) Check WSN against beta attenuation 5014i (Reference) for average 1-h PM;q levels. (b) Compare WSN and beta attenuation 5014i (Reference) for average
24-h PM; levels. (c) Examine WSN versus MCV CAVF-PM1025 (Reference) for average 24-h PM; levels. (d) Evaluate WSN versus MCV CAVF-PM1025 (Reference)

for average 24-h PM, 5 levels.

both original and calibrated data. The calibrated PM;o data showed a
significantly closer match with the reference equipment measurements
compared to the raw data. Additionally, the deviations observed in the
statistical indicators were noticeably reduced for the calibrated data,
indicating a substantial improvement in accuracy. Following the criteria
set by Gressent et al. (2020), it is crucial to meet the condition: [MB| < |
NMB| < |RMSE| < |NME| < |NRMSE|, ensuring accurate PM;o con-
centration measurements by the sensor. In this instance, the condition is
indeed met, as illustrated by the values: |-2.33| < |-6.88| < |7.03] < |
18.0| < |20.7|. Therefore, the calibration process resulted in a signifi-
cant enhancement, with the calibrated data providing measurements
closely resembling those obtained using the reference equipment for
PM;. This outcome reinforces the reliability and validity of the applied
calibration methodology.

According to a recent study by Hong et al. (2021), a calibrated WSN
can be considered a supplementary monitor when both the NMB and
NME are reduced by 20% or more. This reduction satisfies the criteria for
WSN to serve various applications, including personal exposure and
identification of PM (<30%), as well as education and information
purposes (<50%), as stated by U. S. EPA (2014). Following calibration,
the statistical indicators NMB and NME were found to be less than 20%
in the calibrated WSN data, indicating that they can effectively serve as
supplemental monitoring.

3.3. Field test in the mining environment

The WSNs were implemented in the environment of the Riotinto
copper mining complex after a performance evaluation. This was per-
formed to ensure the stability of the system, as discussed in the previous
sections. The gateway is located in Cerro Colorado (an elevated location
in the middle of the open-pit mining), node 1 in La Dehesa, and node 2 in
Nerva, both being the closest towns to the Riotinto copper mining
complex, being 1.6 km and 1.9 km, respectively from the gateway. These
distances are relative to the gateway, with respect to the limit of the
mining facilities these measurements are lower being from point “a"
indicated on the map to La Dehesa of 0.2 km and from point “b" to Nerva
of 1.4 km (Fig. 7).

In La Dehesa, the town nearest to the mine, the most concerning
operations include those conducted under humid conditions, such as the
dry track of the tailings pond, stockpiling, secondary crushing area, and
ore loading. Nevertheless, Nerva is situated opposite the dump, an area
of the mine typically characterised by minimal or sporadic activity,
mainly involving the unloading of waste material by tippers (Boente
et al., 2022). It is crucial to note that both towns are situated at a
considerable distance from the mine and are exposed to multiple sources
of pollution. For a thorough investigation into how mines affect air
quality in these communities year-round, we highly suggest referring to
the detailed evaluation carried out by Boente et al. (2023).
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Fig. 7. Location of the gateway is located in Cerro Colorado, node 1 in La Dehesa, and node 2 in Nerva.

Full scalability is an important characteristic of the network; that is,
the addition of nodes does not require modification of any of its pa-
rameters in the gateway. This means that the gateway can operate un-
interrupted after the initial deployment, with only the newly added
nodes having to be registered on the cloud server because each node
must be assigned unique parameters to become part of the network. This
characteristic facilitates the expansion of the network at any time with
the addition of new nodes, while maintaining the overall network
performance.

The escalation in PM concentrations over a specific period, precisely
from February 1, 2023 to August 1, 2023 was effectively addressed. This
accomplishment was enabled through the utilization of trend diagrams
(Fig. 8), a level of space-time resolution that would have been unat-
tainable in the absence of a WSN owing to the impossibility of locating
wires in an environment that continuously changes, such as a mine. The
visual representation in Fig. 8 vividly elucidates the intricate dispersion
patterns of both PM;o and PMy5 across the entire study duration,
meticulously captured at node 1 and node 2 locations (Huang et al.,
2019).

The observed pattern in the behaviour of the WSNs resembled that of
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Fig. 8. Tendency diagram for PM;o and PM, 5 for the study period in node 1
and node 2.
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the investigation conducted by Boente et al. (2023). In 2021, they
conducted a study in identical locales of La Dehesa and Nerva,
employing high-capacity regulatory air sampling equipment (MCV
CAVF-PM1025, 30 mgh'l, Barcelona, Spain). The investigation adhered
to the gravimetric standard procedure (UNE-EN 12341, 2015) for PM;o
sampling, utilizing high-purity quartz filters (Munktell®) to collect
samples over a continuous 24-h period.

Furthermore, the concentrations of PM;( exhibited significant fluc-
tuations that were influenced by the months within the timeframe.
Correspondingly, the trajectory of PMj 5 concentrations mirrored that of
PM,, albeit on a more refined scale.

Using the high level of detail that WSNs can achieve, we identified
the days of the week and times of day in which PM concentrations are
the highest (Fig. 9). In node 1 — La Dehesa, the hours with the highest PM
concentration are from 2:00 p.m. to 3:00 p.m. because blasting occurs
during that period (Atalaya Mining, 2023). In addition, they are the
highest concentrations in La Dehesa because of the proximity to the
mine, as shown in Section 3.3, just 0.2 km from the mining facilities and
operations. In Node 2 - Nerva, the highest PM concentrations are from
8:00 a.m. to 9:00 a.m. and from 11:00 p.m. to 12:00 a.m., during which
the most significant activities involved heavy road traffic, including
mining trucks, as well as the town’s local traffic. Conversely, in the af-
ternoon and evening, activity subsided, as fewer individuals were at
work. For week days, Node 1 has the highest PM concentrations on
Mondays and Fridays, whereas Node 2 has the highest PM concentra-
tions on Mondays and Wednesdays. On Saturdays and Sundays, PM
concentrations notably decreased as fewer people engaged in work,
resulting in reduced dust emissions from both mining operations and the
town itself.

These findings are consistent with the characteristics of the mining
complexes. This confirms the utility of the LCWSN design for monitoring
PM levels. Additionally, a well-calibrated sensor enables the study of
spatial and temporal trends in nearby towns. In summary, the data
revealed that Node 1 (La Dehesa) exhibited higher PM concentrations
than Node 2 (Nerva), primarily because of its proximity to the mining
operations.

Finally, in order to assess the statistical significance between the
concentration measured by the LCWSN nodes and environmental vari-
ables, a multivariate statistical regression has been performed. The aim
of the analysis of multivariate regression is to use the independent
variables whose values are known to predict the value of a single
dependent value. Each predictor has a weight that denotes its relative
contribution to the overall prediction. Multivariate regression has been
used in air pollution studies with LCS to study correlation between
environmental variables and LCS measures in mining ambiences
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Fig. 9. Hourly and weekday distribution of PM; and PM, s for the study period.

(Hongbao et al., 2024; Prasad et al., 2023). For this case, we have fol-
lowed the methodology proposed by Moore et al., (2006). The depen-
dent variable was assigned to the calibrated PM;y and PMj 5 measures in
the two LCWSN nodes. On the other hand, relative humidity (RH),
Temperature (T) and PM;o and PMy 5 gravimetric measures in filters
were assigned the independent variables. The statistical analysis was
carried out by means of the SPSS® v.24 statistical software for Windows.
The multivariate analysis yielded an R-Square value of 0.931, indi-
cating a highly significant test adjustment. The p-values associated with
LCWSN measures were 0.000 for gravimetric measures and 0.039 for
temperature, both below the conventional threshold of 0.05, indicating
a robust correlation consistent with prior research findings, since high
temperatures trend to increase the concentrations of PM;o and PM3 5 in
the atmosphere through resuspension. Conversely, the significance level
for relative humidity (RH) was lower, at 0.117, failing to establish a
statistically significant relationship between RH and the measured var-
iables in this study. It is noteworthy that the sampling area, as reported
by Boente et al. (2023), maintains consistently low humidity levels
throughout the year, with a maximum RH of 63%, limiting the assess-
ment of RH’s influence on the measures. However, the
Probability-Probability (P-P) plot of standardized residuals (see Fig. 10)
demonstrates a linear relationship between theoretical and observed
percentiles, confirming the effectiveness of the model’s linearity.

4. Discussion and future application prospect
The test and experimental results confirm the appropriate operation

of the deployed WSN and the usefulness for the online measurement of
PM in open-pit mines where the modern monitoring and control
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Fig. 10. Normal P-P plot of Regression Standarized Residual.

techniques have a very low level of use. The designed efficient
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monitoring system combines low-cost sensors with a customized WSN
solution based on low power techniques to achieve real-time moni-
toring, a self-sustainable approach, and the calibration of the devices to
ensure the reliability of the data. Aspects such as data rate, synchroni-
zation, robustness against interference, security and scalability have also
been considered. All this makes the sensor nodes more suitable for
deployment in locations unfriendly for electronics, like the target
application related to the copper extraction process in open-pit mines.
Moreover, the accurate measurements due to calibrations allows for the
network of low-cost sensors to be established and scientifically
approved.

The custom solution presented in this work was designed to over-
come some of the drawbacks of commercially available low-cost devices
for outdoor air quality monitoring. The previous experience of the au-
thors was reported in Zafra-Pérez et al., 2023a), where very tedious (and
manual) tasks were necessary inside the mining facilities, transporting
the sensors manually by pickup trucks for several years to detect fugitive
emissions and to assess the impact of the mine on nearby populations.
This methodology is hard, it requires the collaboration of the mine
workers and access permissions to facilities, and the data availability is
offline (and usually at an additional cost). Therefore, the designed so-
lution based on WSN plays a key role for constant surveillance.

On the other hand, the system is referred to as low consumption
according to the common concern of IoT devices for a long lifetime that
is dependent on both the application and the monitored environment.
Thus, the appropriate energy handling requires low power electronics
for sensors, microcontroller, conditioning interfaces and transceiver. In
addition, to control the sensors that waste the most energy, that is, the
GPS and the PM sensor, switches have been included that deactivate
them between data collection intervals. At firmware level, to reduce
power consumption, the system goes into low-power standby mode
between sampling intervals. The high settling time of the GPS and PM
sensor to take a correct measurement sets the time that the sensor node
is awake. To save energy, the GPS is only activated once a day because in
this application the nodes are in static positions. Thus, the average en-
ergy consumption is 1.13 mAh, which means the system can be in
continuous operation for 89 days without a power supply. Obviously,
this period can be extended if the current sampling interval (10 min) is
increased, or if GPS is completely disabled. Moreover, the tests of the
system provided a suitable success rate of the data transfer even with
obstacles between the sensor nodes and the gateway.

This work aims to have continuity by redesigning the network with a
greater number of sensor nodes that can be deployed inside the mine
itself to monitor in real-time fugitive emissions from daily mining op-
erations in order to control the air quality for workers. This is a chal-
lenging task due to the difficult relations between daily mining
operations, workers, mining machine traffic, and the large and aggres-
sive work area to be instrumented. Additionally, other types of sensors
can be included in each sensor node to measure other variables of in-
terest, such as, the wind direction, which can provide information about
the range of directions towards which the high concentrations of PM will
travel. A more powerful microcontroller to govern the sensor nodes as
well as a gateway with greater processing capacity may be advisable to
support the increased data rate from the larger network. The wireless
communications channel of the new LoRaWAN network must be prop-
erly dimensioned, taking into account the higher number of messages
and sensor nodes. The duty cycle (DC), a crucial parameter, must not
surpass 1% as per ETSI (European Telecommunications Standards
Institute), which requires meticulous network design. Factors such as
message sending frequency, ToA (time-on-air), SF, BW, CR, and payload
must be taken into consideration. Finally, the compact design, the low
power consumption, and the GPS sensor switched with a proper sam-
pling interval also allow the sensor node to be used for mobile appli-
cations to measure PM.

All things considered, one innovative aspect lies in the utilization of
LoRaWAN network connectivity, facilitating seamless live monitoring
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across the entire mining site. This real-time monitoring capability em-
powers decision-makers with actionable intelligence, enabling them to
make informed choices promptly and effectively. Additionally, data
collected through this network enables trend analysis and predictive
modeling, further enhancing the efficacy of dust control measures over
time.

Additionally, as a future prospect, the versatility of these systems
extends beyond mere dust control, as they can also contribute to broader
environmental management initiatives within the mining sector. For
instance, by monitoring air quality parameters beyond particulate
matter, such as volatile organic compounds (VOCs) or nitrogen oxides
(NOx), these systems can aid in minimizing the ecological footprint of
mining operations while ensuring compliance with stringent environ-
mental regulations.

In essence, the integration of advanced monitoring and control sys-
tems represents a paradigm shift in dust management practices within
open-pit mining. By embracing these sensors, specifically designed for
the needs of the mining sector, enterprises can not only enhance oper-
ational efficiency and worker safety but also uphold their commitment
to environmental stewardship.

5. Conclusions

The constant earth movement, crushing, and storage occurring in
open-pit mines, especially those that are considerably large, constitute
an important source of atmospheric PM. The well-known association
between high PM concentrations and adverse effects on human well-
being has prompted the pursuit for measures to control fugitive emis-
sions from mines to maintain healthy environments. In this context, this
study exploits wireless technologies by designing an air quality moni-
toring system based on unattended wireless devices that include all the
components required to provide real-time monitoring of the parameters
of interest. For this purpose, low-cost sensor devices with LoRaWAN
communication, which guarantees reliable communication in an out-
door environment, were designed and integrated with a remote cloud
server following an IoT architecture. Wireless technology provides
suitable support for mining complexes, offering advantages in terms of
low installation cost, scalability, lack of cabling, intelligent processing
capability, high mobility, ease of deployment, and reduced mainte-
nance. Moreover, the system is flexible because it can be adapted to
different environments, and a higher number of nodes can be deployed
to provide information on air quality in other areas. Testing the system
confirmed the feasibility of the proposed implementation and validated
the functional requirements of the developed devices and networking
solution. The performance of the PM LCS was evaluated by applying
correction equations based on mathematical models of linear regression
and comparing them against a research-grade instrument. The system
can provide mining companies with a real-time distribution of PM
released during daily operations to take immediate action if unhealthy
threshold levels are detected.
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