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Abstract: Particulate matter (PM) is widely recognized as a major air pollutant with significant
impacts on human health, highlighting the need for accurate monitoring. In developing
countries, low-cost sensors are crucial for accessible PM monitoring, but their accuracy and
reliability must first be assessed. This study benchmarked the Alphasense OPC-N3 and Next
PM sensors through laboratory and field evaluations. Laboratory tests were performed in
controlled conditions with HEPA-filtered air at low humidity and varying concentrations of
water droplets from nebulized deionized water. A 27-day field study in Cienfuegos, Cuba,
provided additional insights into real-world performance. The OPC-N3 showed susceptibility
to perturbations and was more affected by outliers (especially PM10), relative humidity, and
interference from aqueous aerosols. In contrast, the Next PM sensor demonstrated superior
stability, lower noise levels, and consistent performance across different environmental con-
ditions. Despite a substantial price difference, both sensors provided valid measurements.
Additionally, both sensors produced lognormal PM concentration distributions during field
campaigns. This feature could aid in addressing the calibration stability challenges commonly
associated with low-cost sensors through in situ calibration methods. While the PM measure-
ments by affordable sensors are not perfect, they are sufficiently reliable for supporting air
quality assessments in resource-limited settings.

Keywords: particulate matter; low-cost sensor; benchmarking; reliability; aqueous aerosols

1. Introduction
Marine aerosols and dust storms are just a few examples of natural sources that gener-

ate particulate matter (PM) in ambient air [1,2]. Additionally, anthropogenic sources such
as power plants, waste incineration, industrial emissions, motor vehicles, or agricultural
activities also contribute to PM levels in the air. Humans inhale these solid particles sus-
pended in air, which can adversely affect their health [3–5]. For example, black carbon
particles generated by internal combustion engines have been found in human placentae
but may also accelerate the degradation of precious heritage objects [5,6]. This is why PM
needs to be analysed.
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PM is characterised by the size, shape, and chemical composition of individual par-
ticles, as well as the ratio between particle types [7,8]. However, practical air quality
assessments often focus on total PM concentration per unit volume, neglecting the specific
composition and properties of particles. This overall concentration is widely monitored
by public agencies at air quality monitoring stations using gravimetric methods, which
provide particulate mass concentrations for different size fractions [9–12]. These methods
involve filtering particulate matter from air samples of specific size fractions and weigh-
ing the mass of the collected particles in a laboratory. Typical size fractions include fine
inhalable particles with an equivalent aerodynamic diameter (AED) smaller than 2.5 µm
(PM2.5) and coarse inhalable particles with an AED of 10 µm or less (PM10) [13,14]. While
gravimetric methods provide accurate particle mass concentrations, they lack temporal
resolution [15]. Optical particle counters address the temporal issue by continuously mea-
suring the size of individual aerosols and mathematically converting the size into mass
concentration [16]. Gravimetric and optical techniques are regulatory-approved methodolo-
gies for PM monitoring. Despite their high reliability and accuracy, these methods require
significant investment in expensive infrastructure, demand highly trained personnel for
operation, and are labour-intensive. These challenges hinder their widespread use in
high-density monitoring networks [17,18].

Instead of using regulatory-approved techniques, low-cost alternatives are avail-
able [19]. Various low-cost sensors, priced under EUR 400, are now on the market and
capable of monitoring PM concentrations, offering a more accessible solution for air quality
monitoring [20–30].

One way to evaluate low-cost PM sensors is to determine their compliance with the
indicative monitoring criteria outlined in the EU Directive 2008/50/EC. This Directive
sets out specific requirements for measurement accuracy and reliability to ensure that data
are suitable for the assessment of air quality concerning limit values, alert thresholds, and
public information [19,23,24]. According to the Directive, the measurement uncertainty of
PM, defined as the range within which the true value falls with 95% confidence divided
by the average concentration multiplied by 100%, must not exceed 50%. While indicative
monitoring emphasizes accuracy, other factors such as long-term stability, sensor durability,
response time, and resistance to environmental conditions, including tropical climates and
mechanical shocks, are equally important.

Several factors involved in evaluating the performance of PM sensors can be com-
pensated through calibration methods. While indicative monitoring with low-cost sensors
cannot achieve the accuracy of reference methods, their uncertainty can be minimized
through proper calibration [31–34]. Data quality can be improved by accounting for various
factors that affect sensor response, such as changing meteorological conditions, as particle
size can depend on absorbed moisture content [35,36]. Additionally, particle composition
may influence how the laser in the sensor scatters light. Compensating for sensor ageing is
another key factor in improving data quality.

To assess their performance, the low-cost PM sensors must be benchmarked and
compared to reference instruments. Studies [37–45] have shown that, while low-cost sensors
generally do not perform as well as benchmark devices, some do exhibit better performance
than others. An example of such a sensor is the OPC-N3 (Alphasense, London, UK).
The accuracy of PM mass concentrations measured by the OPC-N3 has been investigated by
several researchers [5,6,19,46–48] under various conditions. In 2023, Ref. [49] demonstrated
that the OPC-N3 outperformed the Plantower PMS5003 (Plantower, Nanchang, China) in
accurately measuring PM10 during regional dust events in Utah’s Salt Lake Valley. Similarly,
Ref. [50] conducted a comparative evaluation of the OPC-N3, SPS30, and SDS011 sensors
with a reference instrument in uncontrolled indoor, outdoor, and mining environments.
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This study revealed the strong accuracy and precision of these sensors when combined
with local weather data and decision-tree calibration models. At the Racibórz site, the
OPC-N3, housed within the Integrated Aerosol Monitoring Unit (IAMU) [51], exhibited
strong temporal correlations with reference instruments, effectively estimating aerosol
properties through advanced calibration methods. Furthermore, the OPC-N3 was evaluated
for PM2.5 monitoring during flights with a small unmanned aerial system (sUAS) [52].
It also identified biases where temperature measurements were overestimated and relative
humidity measurements were underestimated.

Another promising sensor, Next PM (Tera Sensor, Rousset, France), appears to have
comparable technical specifications at a lower acquisition cost. However, this sensor has
not been systematically studied under controlled laboratory conditions and field settings.
To address this gap, the objective of this benchmarking study is to evaluate the performance
of the OPC-N3 and Next PM sensors through laboratory and field conditions. The focus is
on assessing their raw measurements, considering only the algorithms used by the sensors
to convert signals into PM concentrations, without applying additional calibration.

This study will enable communities, particularly those in resource-limited areas, to
participate in monitoring air quality, promoting pollution awareness and the implementation
of informed health risk reduction strategies. These solutions have the potential to democratize
environmental data, thereby empowering governments and researchers to effectively address
air pollution challenges. In addition, low-cost sensors offer a practical and cost-effective
approach to sensor selection for the assembly of air quality devices. These solutions also
facilitate the determination of PM levels in workplaces and manufacturing facilities, ensuring
compliance with health and safety regulations. This study highlights the potential of low-
cost PM sensors to contribute significantly to public health, environmental protection, and
industrial innovation, striking a balance between affordability and performance.

2. Materials and Methods
2.1. Monitoring System

This study utilized a low-cost data logger based on an Arduino MEGA 2560 (Arduion,
Monza, Italy) embedded development board. The custom-developed data logger shield
featured a real-time clock, a memory card connector, and several connectors designed for
the easy assembly and replacement of sensors from a predefined set. This flexibility allows
the data logger to be configured according to specific experimental requirements. More
information about the data logger can be found elsewhere [53].

The data logger configuration used for the laboratory experiment exemplifies how the
system can be adapted to specific requirements. For this setup, the Alphasense OPC-N3 and
Tera Next PM sensors (Table 1) were connected to the same data logger to synchronously
measure particulate matter concentrations from the same air. Although both sensors include
internal temperature and humidity measurements, an Adafruit AM2315 sensor was added
to provide consistent external readings of temperature and relative humidity. Positioned
between the two PM sensors, the AM2315 ensured identical environmental conditions for
both, demonstrating the flexibility of the data logger to accommodate additional sensors as
needed. The AM2315′s measurements were integrated into the data logger for subsequent
statistical processing, ensuring reliable comparisons between the Alphasense OPC-N3 and
Next PM sensors.



Atmosphere 2025, 16, 172 4 of 22

Table 1. Specifications of the studied low-cost PM sensors.

Characteristics Alphasense OPC-N3 Tera
Next PM

Particle range (µm) 0.35–40 0.3–10

Sampling interval (s) 1–30 1–60

Total flow rate (typical) (L/min) 5.5 2.5

Concentration detection range (µg/m3) 0–2000 0–1000

Supply voltage (V) 4.8–5.2 5

Temperature range (◦C) −10–50 −20–70

Humidity range (%) 0–95 0–95

Operating life (h) >15,000 >10,000

Size (L × W × H) (mm) 75 × 60 × 64 62 × 52 × 23

Weight (g) <105 45

Price (EUR) 350 90

2.2. Clean Air Experiment

To assess the performance of low-cost PM sensors, a setup was required to create an
environment with low relative humidity and minimal particulate matter to achieve zero
air conditions. The OPC-N3 and Next PM sensors were positioned in the same temporal
and spatial location to ensure synchronized particle measurements. These sensors were
connected to a custom-developed data logger that facilitated simultaneous data collection.
Specifically, they were placed inside a closed 11.1 L plastic container attached to opposite
walls, with the air inlets of the sensors positioned at a distance of 10 cm, allowing for the
monitoring of the same air volume under controlled conditions (see Figure 1a). The relative
humidity and temperature sensor was attached perpendicularly to the lid of the box.
Additionally, a Sunon Maglev (Sunonwealth, Kaohsiung, Taiwan) fan with a speed of
2400 rpm was installed to ensure the homogeneity of the air inside the box. The airflow
rate of the fan was lower than the design airflow limit of the particle sensors. This ensured
that the fan did not have a discernible impact on sensor performance. In addition, a layer
of granular silica gel, with a diameter of 3 to 5 mm, was placed at the bottom of the box to
absorb inside the closed box. Silica gel can absorb up to 40% of its weight in moisture [54].
It should be mentioned that PM may also be captured by the walls of the plastic box [32].
This suppresses the occurrence of liquid aerosols in the box and reduces the impact of
relative humidity on sensor measurements [55]. To remove particulate matter from the
ambient air inside the box, a loop was constructed using a second plastic container with
identical dimensions. The second container contained a high-efficiency particulate air
(HEPA) tubular filter (Figure 1b) through which the air was blown. The air was recirculated
between the boxes through PTFE tubes using an AirPo pump. The experiments followed a
fixed series of consecutive steps (see list below). Throughout the experiment, the sensor
parameters were measured at a sampling interval of 5 s.

1. Ambient air: Measure the concentration of particulate matter in ambient air inside
the closed box using both the OPC-N3 and Next PM sensors;

2. Switch on the fan: Activate the fan to homogenize the air;
3. Remove PM from the container: Switch on the pump to remove particulate matter

from the air via the HEPA filter in the second box.
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Figure 1. Schematic representation of the setup to calibrate and compare the performance of two PM
sensors: (a) design of the box in top and side view; (b) design of the box and the box to remove
particulate matter from the air.

2.3. Water Aerosol Experiment

To evaluate the ability of low-cost sensors to distinguish between airborne solid
particles and tiny water droplets, water aerosols were introduced into a closed box using a
nebulizer (Figure 2). The D2028B AirPo pump generated a pressurized airflow through
5 mL of deionized water, converting the water into tiny droplets. Consequently, 5 mL of
deionized water in the form of aerosols was gradually supplied to the box. A layer of silica
gel was placed at the bottom of the container to suppress an increase in relative humidity
during the introduction of water aerosols. The experiments followed a series of consecutive
steps (see list below), with the sensor parameters measured at a sampling time of 5 s.

Figure 2. Schematic representation of the setup to perform water aerosol experiments: (a) top view
and (b) side view.

1. Ambient air: The PM in the ambient air was monitored inside the open box for 10 min;
2. Switch on fan: After the box was closed, the fan was turned on and the environment

was stabilized for 12 min;
3. Introduce water aerosols: The pump and the nebulizer containing deionized water

were turned on for 10 min.

2.4. Field Study

A measurement campaign was carried out in Cienfuegos, on the south-central coast
of Cuba, from 14 March to 9 April 2022. Cienfuegos is a city with a population of about
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160,000 inhabitants. It is an important tourist centre but also an important harbour and
industrial centre in Cuba [56,57]. Sampling locations for the Alphasense OPC-N3 and Next
PM sensors are marked at the Center for Environmental Studies (CEAC), located 9 km
south of Cienfuegos city, Cuba (22◦03′55′′ N, 80◦28′58′′ W), between the Caribbean Sea and
Cienfuegos Bay (Figure 3). This site may be affected by background concentrations of PM
originating from the city, emissions from the Carlos Manuel de Céspedes thermoelectric
power plant, and the Camilo Cienfuegos oil refinery. Additionally, near the sampling area,
there is a diesel combustion boiler and a small diesel–electric generation unit [56,58,59].

Figure 3. Location of the sampling location at CEAC and the main sources of contamination in
its surroundings.

In this study, two low-cost monitoring systems were used in parallel. The first system
consisted of the in-house developed HZS-GARP-AQ-03 monitoring system [60] operating
at a sampling time of 5 min to which the OPC-N3 sensor was coupled. The second system
consisted of the HZS-GARP-AQ-03A monitoring system to which the Next PM sensor was
coupled. It operated at a sampling time of 2 min. Both systems used the Adafruit AM2315
sensor to measure temperature and relative humidity. These devices were placed outside
CEAC next to a window at a height of 2 m above ground level, as prescribed by the Cuban
standard NC:111 [61]. The distance between both sensors is about 0.5 m.

2.5. Data Processing

Before the field data could be analysed, erroneous outliers generated by the sensor were
removed by applying a centred moving median with a window size of 10 min to the collected
data. Next, the time series of both data loggers were synchronized. This was achieved by
resampling the time series with the sampling interval of 2 min using the VLOOKUP function
in Microsoft Excel, ensuring identical timestamps to the 5 min time series. The complex and
dynamic patterns in the time series of the measured environmental parameters were revealed
by time series plots. In addition, the relationship between different parameters was visualized
by scatter plots. All plots were created with Microsoft Excel.
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For all collected data, the average, standard deviation, asymmetry of the frequency
distribution (skewness), and how much data are in the tails and the peak of the frequency
distribution compared to a normal distribution (i.e., kurtosis) were calculated from the time
series of the environmental parameters using the IBM SPSS Statistics 20 software package.

3. Results and Discussion
3.1. Clean Air Experiment

A primary method for the relative performance assessment of the two PM sensors
is to observe their behaviour in an environment with minimal particle presence. This
was achieved by drying the air presence with silica gel at the bottom of the container
and removing solid particles using a HEPA filter. By creating a controlled, low-particle
environment, any remaining measurements can help identify the sensors’ baseline noise
levels and their sensitivity to very low particulate concentrations. Temperature and relative
humidity showed little variation throughout the period that the pump was switched on
(step 3), with values of 25.7 ± 0.2 ◦C and 4.5 ± 0.1%, respectively. The behaviour of the OPC-
N3 and Next PM sensors during the clean air experiment is shown in Figure 4a,b. The initial
PM concentration in the box reflected the ambient air in the laboratory. When the fan was
activated to homogenize the air inside the box, a sudden PM peak occurred as particles
were resuspended from the bottom of the box, which was covered with silica gel granules.
The peak reached values exceeding 80 µg/m3 for PM2.5 and 100 µg/m3 for PM10 and
then decreased exponentially. Although a disturbance occurred, the fan’s minimal airflow
remained well below the sensor’s threshold, ensuring that the variations were transient
and had no adverse effect on its overall performance. Once the pump was switched on and
the air inside the box circulated through the HEPA filter, PM levels dropped further (PM2.5:
from 1.8 µg/m3 to 0.36 µg/m3; PM10: from 3.4 µg/m3 to 0.55 µg/m3), indicating effective
particle removal. The drop of about 80% suggests that the setup successfully removed
a large fraction of the particles from the air inside the box. However, the setup did not
produce perfect zero air, likely because the silica gel may have acted as a continuous source
of particulate matter, which was progressively removed by the filter.

Figure 4. The results of the clean air experiments obtained by the two PM-sensors: (a) PM2.5

concentrations during the entire experiment; (b) PM10 concentrations during the entire experiment;
(c) PM2.5 concentrations after the cleaning step with the HEPA filter; and (d) PM10 concentrations in
the air after the cleaning step with the HEPA filter.
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The experimental data presented in Figure 4c,d indicate that the PM concentration
fluctuated around a constant average. Additionally, these fluctuations were bounded by a
fixed lower limit of 0 µg/m3, with no clearly defined upper limit. The frequency distribu-
tion of the measured concentrations is shown in Figure 5. While pollutant concentration
distributions in ambient air typically follow a log-normal pattern, this distribution was
not observed during the experiment. This is likely because the concentrations did not
decay or increase exponentially in a random manner [62–64], but instead remained constant
over time, preventing the usual variability seen in natural environments. An alternative
explanation for the variation in particle concentrations around the average could be at-
tributed to the Brownian motion of the suspended particles. If the sensors are assumed
to behave as small disks that detect all particles colliding with them, and the particles
move randomly within the enclosed box, then the fluctuations in the number of particles
detected per unit time should follow a Poisson distribution. A similar fluctuation occurs
in X-ray spectrometry, where a material emitting X-ray photons and moving towards a
detector produces an X-ray spectrum governed by Poisson noise [65]. This also implies that
approximately 68% of the observed values should lie within the range of C ±

√
C (average

± standard deviation). The larger spread in the measurements compared to the variation
estimated from the Poisson distribution is likely attributed to outliers with unrealistically
high values resulting from measurement errors. It is important to note that when the
average number of hits per time unit (λ) is low, the frequency distribution is asymmetric.
However, as λ increases, the distribution gradually approaches a normal distribution. This
suggests that the maximum measured value during the test can serve as a performance
indicator for assessing the impact of outliers on data quality generated by the PM sensors.

Figure 5. Frequency distribution of logarithmic values of the measured PM2.5 and PM10 concentra-
tions from step 3 of the clean air experiment. For both sensors, the distribution is shown for the raw
concentrations and the logarithm of the concentrations.

A more detailed analysis of the experiment in cleaned air reveals that the average
concentrations of PM2.5 and PM10 are similar (see Table 2). Data distributions are not nor-
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mal, which prevents the use of a t-test to determine if the means are significantly different.
The OPC-N3 sensor shows a notable difference in standard deviations, particularly in its
PM10 measurements. This increased variability is mainly due to outliers that create peaks
of high concentrations, a pattern observed in other studies [66,67]. In contrast, the Next
PM sensor demonstrates similar distributions for PM2.5 and PM10 (see Figure 5), which
differ from those recorded by the OPC-N3 sensor, as it detects a higher particle count in the
same period. This difference may be related to internal mathematical filters of the Next PM
sensor that processes the measured signals. In what follows, the differences are explored
more in detail.

• Concentration: The average concentrations for PM2.5 and PM10 measured by the
two sensors are similar. The OPC-N3 sensor recorded an average PM2.5 concentration
of 0.4 ± 0.5 µg/m3, which is comparable to the 0.3 ± 0.2 µg/m3 recorded by the Next
PM sensor. For PM10 concentrations, the OPC-N3 sensor recorded 0.6 ± 1.4 µg/m3

while the Next PM sensor recorded 0.5 ± 0.4 µg/m3 in the same clean air. The smaller
standard deviation observed for the Next PM sensor is attributed to a lower frequency
of outliers, with a maximum of 1.1 µg/m3, compared to the OPC-N3, where PM2.5

measurements reached up to 5 µg/m3. This behaviour is likely due to sensor errors,
which primarily impact the standard deviation. The OPC-N3 tends to produce more
outliers than the Next PM sensor, and these outliers are consistently higher in value.
This can be observed in the maximum concentrations measured by both sensors for
PM2.5 and PM10.

• Standard deviation: The standard deviations of the concentration distribution are larger
than anticipated, suggesting additional uncertainty. In addition, the concentration dis-
tributions illustrated in Figure 5 do not align with the assumptions of a Poisson model.
The boxplot method indicates 87 outliers were recorded for the OPC-N3 and 79 for the
Next PM, with maximum values of 17.6 µg/m3 and 2.5 µg/m3, respectively. The sensors
report different particle concentration values, which are consistent despite the number
of outliers detected and the large difference in maximum values. Moreover, there is
no synchrony in the moments both devices detect extreme values, indicating that the
elevated concentrations may be location-specific or attributable to random errors.

• Skewness and kurtosis: The frequency distributions of PM2.5 and PM10 for both
sensors show positive skewness, indicating asymmetry (see Table 2). This may be
explained by a log-normal distribution. However, these distributions displayed in
a semi-logarithmic graph show no clear normal distribution. Notably, the OPC-N3
sensor’s distribution appears to consist of two maxima, which might indicate the
occurrence of two partially overlapping particle size distributions (see Figure 5).
This may result from the sensor’s sensitivity to specific particle sizes, as its optical
detection method amplifies certain size ranges based on size and refractive index [68].
In contrast, the Next PM sensor’s measured concentrations seem to cluster around
a set of discrete values. All the PM series exhibit a leptokurtic distribution (kurtosis
> 3, see Table 2), indicating a higher number of outliers in the tails compared to a
normal distribution. In all analyses conducted, the pronounced tails caused by these
outliers lead to an asymmetric distribution. Additionally, the OPC-N3 produced a
more substantial tail for PM10, compared to the PM2.5 measurements. The analyses
suggest that these tails are the result of sensor errors.
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Table 2. Descriptive statistics of the comparative analysis between two sensors in the experiment in
cleaned air.

AM2315 AM2315 OPC-N3 Next PM OPC-N3 Next PM

T [◦C] RH [%] PM2.5 [µg/m3] PM2.5 [µg/m3] PM10 [µg/m3] PM10 [µg/m3]

Sample size 807 807 807 807 807 807

Average 25.7 4.5 0.4 0.3 0.6 0.5

Standard deviation 0.2 0.1 0.5 0.2 1.4 0.4

Number of outliers 18 64 6 6 87 79

Minimum 25 4.2 0.0 0.10 0.0 0.10

Maximum 26 4.7 5.6 1.1 17.6 2.5

Skewness −1.0 −1.3 4.8 1.1 6.9 2.5

Kurtosis 0.9 1.6 38.6 0.64 61.1 6.5

3.2. Water Aerosol Experiment

Another method to assess the relative performance of the two PM sensors is to observe
their behaviour in an environment containing water aerosols. A nebulizer converted a
small volume of water into an aerosol. Simultaneously, the bottom of the box was covered
with silica gel granules to keep the RH in the box stable. Since water aerosols are not solid
particles, both sensors should theoretically not respond to them. This test helps evaluate
the sensors’ ability to accurately differentiate between particulate matter and non-solid
aerosols, providing insights into their susceptibility to false positives or measurement
inaccuracies in humid conditions. Figure 6a,b show the behaviour of the sensors during the
different stages of the water aerosol experiment. The PM levels varied depending on the
stage of the experiment. During the ambient air step, an increase in relative humidity, PM2.5,
and PM10 levels was observed. After the fan was turned on, PM10 spikes of approximately
60 µg/m3 were reported for the OPC-N3 sensor and 40 µg/m3 for the Next PM sensor.
When the pump was turned on and the aerosol supply to the system was initiated, a greater
dispersion of the PM10 levels was observed. It appears that the OPC-N3 sensor considers
the aerosols as particulate matter, while the Next PM sensor is less affected by the aerosols.
More information is given in the list below. Therefore, exposing PM sensors to water
aerosols is an effective method for assessing their performance. Water aerosols challenge
the sensors’ ability to differentiate between particulate matter and liquid droplets.

Table 3. Descriptive statistics of the experiment with water aerosol.

AM2315 AM2315 OPC-N3 Next PM OPC-N3 Next PM

T [◦C] RH [%] PM2.5 [µg/m3] PM2.5 [µg/m3] PM10 [µg/m3] PM10 [µg/m3]

Sample size 431 431 431 431 431 431

Average 20.87 5.65 1.17 1.73 5.86 2.18

Standard deviation 1.15 1.15 1.48 1.66 13.51 2.13

Number of extremes 0.0 4.0 13.0 0.0 20.0 19.0

Minimum 18.9 3.6 0.0 0.0 0.0 0.0

Maximum 22.8 12.8 17.8 8.3 103.3 11.3

Skewness 0.04 2.10 6.20 1.66 3.54 1.88

Kurtosis −1.17 13.11 58.19 2.70 14.96 3.98
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Figure 6. The behaviour of both sensors during the water aerosol experiment: (a) the results for
the PM2.5 measurements; (b) the results for the PM10 measurements. Average PM2.5 concentra-
tion: Both sensors recorded similar PM2.5 concentrations during the experiment, as indicated in
Table 3. The mean levels during the aerosol period were 1.2 ± 1.5 µg/m3 for the OPC-N3 sensor
and 1.7 ± 1.7 µg/m3 for the Next PM sensor. Notably, the Next PM sensor showed little difference in
PM10 levels, suggesting that the majority of the water droplets are PM2.5 rather than larger particles.

• Average PM10 concentration: The average PM10 concentration recorded by the OPC-
N3 was 6 ± 14 µg/m3 (see Table 3), which is substantially higher than the Next
PM sensor, which reported lower and less dispersed values of 2.2 ± 2.1 µg/m3.
The difference between the period with the fan and the period when the nebulizer
was active is quite pronounced for the OPC-N3, whereas this difference is less obvious
for the Next PM sensor. This suggests that especially the OPC-N3 considers the larger
droplet as particulate matter.

• Skewness and kurtosis: Positive skewness and positive kurtosis were observed in all
the PM-related time series, indicating a more pronounced tail for larger water droplets.
This suggests the presence of outliers with high concentrations or that water aerosols
tend to form larger particles. However, it remains unclear whether the concentration
frequency distribution follows a true lognormal distribution (see Figure 7). Further
analysis is necessary to confirm the underlying distribution of the data.

Figure 7. Log-normal PM10 and PM2.5 distributions by the Next PM sensor in the water aerosol
experiment. The OPC distributions demonstrate higher and broader profiles, suggesting that the
OPC detects a greater number of water aerosols than the Next PM.
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3.3. Field Study

Figure 8a,b show the behaviour of the meteorological variables and the concentration
of particulate matter as collected by two monitoring systems measuring the same outdoor
air at a short distance from each other during the field campaign in Cienfuegos. Both
systems exhibited fluctuations in the studied parameters, reflecting the day and night cycles
and the cycles of transport and economic activity throughout the day at the measurement
location. Although a visual comparison of the PM measurements by both sensors using
Figure 8c,d is not straightforward, it seems that some PM peaks measured by both sensors
are in synchrony while others are not.

Figure 8. Monitoring results in Cienfuegos performed between March 14 and April 9, covering
27 days: (a) concentrations of PM10, PM2.5, RH, and T from the system containing the OPC-N3
sensor; (b) concentrations of PM10, PM2.5, RH, and T from the system containing the Next PM sensor;
(c) and (d) details of the monitoring campaign for PM2.5 and PM10 measured by the Next PM and the
OPC-N3 during 24 h on 15 March.

If one assumes that peaks and valleys in the PM time series from both sensors should
occur in synchrony, a high correlation between the measurements would be expected. How-
ever, as shown in Figure 9, the correlation between the two sensors is weak. For instance,
the OPC-N3 detects a significant PM10 peak (see arrow in Figure 8c) that the Next PM sen-
sor does not register, highlighting discrepancies in their responses to changes in particulate
matter concentrations. This differing behaviour may not necessarily indicate a limitation in
sensor performance but could be explained by natural phenomena. Airflow can be visualized
as a horizontal stream of rotating eddies, or turbulent vortices of varying sizes, each with
horizontal and vertical components. Such turbulence can lead to localized variations in PM
concentration, causing differences in sensor readings. Additionally, Brownian motion may
further contribute to discrepancies between the sensor measurements. These phenomena sug-
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gest that the lack of synchrony between sensor outputs is not necessarily a reliable indicator to
compare the performance of PM sensors. However, field evaluations using low-cost sensors
such as the Purple Air PA-II have shown that sensor outputs can correlate strongly with
reference measurements despite timing discrepancies. Studies [69,70] report high coefficients
of determination (R2 values ranging from 0.87 to 0.98) for PM2.5 measurements compared
with reference instruments. In this case, the higher R² values for PM2.5 may be due to the
OPC-N3 producing fewer outliers for these measurements than for PM10.

Figure 9. Relationships between the PM concentrations as measured by the OPC-N3 and the Next
PM sensors: (a) relationship of the PM2.5 particles between both sensors; (b) relationship of the PM10

particles between both sensors.

The statistical properties of the PM measuring campaigns as performed with both
sensors are summarized in Table 4. The average PM2.5 concentrations for the OPC-N3
and the Next PM sensors are 4 ± 3 µg/m3 and 6 ± 4 µg/m3, respectively. Notably, the
ratio of standard deviation to mean (coefficient of variation) is identical for both sensors
at 0.55, indicating similar measurement variability relative to the mean. While a constant
background PM concentration may exist at a measuring location at all moments, it seems
more reasonable to assume that PM concentrations fluctuate, with peaks at certain moments
and concentrations close to zero at other (brief) intervals. However, for the Next PM sensor,
the minimum concentration is 1.4 µg/m3, not zero. Additionally, the maximum PM2.5

measured by the Next PM sensor is approximately three times higher than that recorded
by the OPC-N3, highlighting a notable difference in performance between the two sensors.

Table 4. Descriptive statistics of the field sample in Cienfuegos.

Parameter

HZS-GARP-AQ-03 HZS-GARP-AQ-03A

AM2315 OPC-N3 AM2315 Next PM

T RH PM2.5 PM10 T RH PM2.5 PM10

(◦C) (%) (µg/m3) (µg/m3) (◦C) (%) (µg/m3) (µg/m3)

Sample size 7617 7617 7617 7617 7617 7617 7617 7617

Average 24.3 60.7 4.5 12.3 24.9 60.1 6.4 10.1

Standard deviation 1.9 7.6 2.5 12.1 2.0 10.5 3.7 5.6

Number of extremes 96 10 353 418 67 2 291 348

Minimum 18.71 13.0 0.0 0.0 19.6 28.8 1.4 1.5

Maximum 30.17 84.5 21.5 394.7 31.1 83.0 68.0 77.0

Skewness −1.180 0.1 1.7 6.7 0.3 −0.2 4.7 2.5

Kurtosis 18.439 0.1 4.4 144.2 0.1 2.5 44.1 14.0
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For PM10, the average concentrations for the OPC-N3 and Next PM sensors are
12 ± 12 µg/m3 and 10 ± 6 µg/m3, respectively. Since the concentration range of the
Next PM entirely falls within the range of the OPC-N3, no distinct difference in average
concentration can be noticed. However, the coefficient of variation for the OPC-N3 is greater
at 0.98 compared to 0.55 for the Next PM, indicating that the OPC-N3 has greater variability
in its measurements relative to its mean. The minimum measured concentration for the
Next PM is not zero concentration, while the maximum concentration for the OPC-N3 is
about a factor of 5 higher than for the Next PM. This is consistent with the larger variation
in and occurrence of outliers observed for the OPC-N3 during the clean air experiment
and the water aerosol experiment, suggesting that PM10 measurements performed by the
OPC-N3 show greater variability.

Figure 10 displays the frequency distribution of the logarithm of the measured concen-
trations. The Q-Q plots suggest that the distributions closely follow a log-normal pattern
with a coefficient of determination close to 1. The analysed time series exhibit positive
skewness, consistent with a log-normal distribution. All PM distributions are leptokurtic,
indicating that the values are concentrated around the mean but with a higher probability
of extreme values. The PM10 measurements from the OPC-N3 exhibit a more pronounced
tail, indicating a higher occurrence of elevated values. In contrast, the Next PM sensor
displays a slightly more centralized distribution with reduced dispersion toward the ex-
tremes. This distinction may account for the Next PM recording slightly fewer extreme
values compared to the OPC-N3. The log-normal distribution, often observed in many
natural systems, arises from exponential kinetics with both deterministic and stochastic
components [32,54–56]. It should be noted that the log-normal-like distribution observed
in the clean air experiment and the water aerosol experiment is not due to an exponential
decay or increase in local concentration, as the PM concentration remained constant over
time. These distributions are merely caused by Poisson noise and random measuring errors.

Figure 10. Frequency distribution of the measured PM10 concentrations from the field campaign and
Q-Q plot. For both sensors, the distribution is shown for the logarithm of the concentrations. The average
values are fairly similar, but the standard deviation for the OPC distribution is significantly larger.
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State-of-the-art optical particle counters for environmental regulatory monitoring
typically precondition the inlet air using a heated inlet. This prevents the detection of
water aerosols and avoids changes in particle size when hygroscopic particles absorb
or release moisture [71,72]. As a result, low-cost PM sensors are expected to observe a
higher PM concentration during wet periods—because water aerosols are not distinguished
from particulate matter—and larger particle sizes at higher relative humidity. The weak
positive relationships in Figure 11a,b suggest that larger particles tend to be observed more
frequently at higher relative humidity (RH). In addition, the OPC-N3 appears to be more
affected by this phenomenon than the Next PM. This might be explained by the presence
of a resistor heater inside the Next PM sensor. However, this relationship may also be
partly caused by genuine relations occurring in nature. When analysing the PM2.5:PM10

ratio, no decrease was observed at higher RH for either sensor. Figure 11 only shows that
behaviour for the Next PM (see Figure 11c). This observation suggests that all particles
grow at elevated RH so that both more PM2.5 and more PM10 are present in the air. It is
worth noting that the relatively weak relationship between PM concentrations and relative
humidity (RH) is overshadowed by the stronger correlation between PM measurements at
time t and the preceding measurements at time t-1 (see Figure 11d). The autocorrelation is
caused by a rather high sampling rate at which the time series were collected that appeared
to be faster than the natural changes caused by underlying mechanisms being observed,
resulting in consecutive measurements showing large similarities.

Figure 11. The relationships between PM concentration and RH: (a) the relationship between PM10

concentration and RH for the OPC-N3 sensor; (b) a similar relationship as in the figure as determined
by the Next PM; (c) PM2.5:PM10 ratio over RH as determined by the Next PM; and (d) the relationship
between the PM measurement at time t and the preceding measurement at time t–1.
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4. Discussion
The performance conducted through laboratory experiments and field campaigns with

two different types of PM sensors identified several factors that influence the relationship
between sensor measurements and the actual concentration of the target analyte. These
findings are summarized in the roadmap shown in Figure 12. The impact of these factors
on sensor readings plays a crucial role in determining the sensors’ overall performance.
These factors can also be used to compare the performance of both sensors.

Figure 12. Overview of the roadmap containing all identified factors that affect the sensor performance.

The factors outlined in the performance assessment roadmap in Figure 12 were used
to evaluate the performance of two low-cost PM sensors. Detailed results for each factor
are provided below, with an overall evaluation summarized in Table 5. Table 5 compares
the performance of PM2.5 and PM10 measurements for both sensors separately. Although
Table 5 does not include a direct comparison between the performance of PM2.5 and PM10

for a single sensor, it is worth noting that PM10 measurements by the OPC-N3 contain
substantially more outliers than the corresponding PM2.5 measurements.

• Environmental resilience: Both sensors were deployed in monitoring campaigns in a
tropical climate for 27 days. The harsh conditions, including high temperature, high
relative humidity, and elevated salt concentrations, did not appear to have a significant
effect on the sensors’ performance over this short period.

• Noise: During the clean-air laboratory experiments, PM2.5 and PM10 levels were
reduced by 80% compared to ambient air concentration. The OPC-N3 sensor exhibited
more fluctuations in measurements compared to the Next PM sensor (see standard
deviations in Table 2). In addition, the random variation in PM10 measurements was
larger than for PM2.5 for both sensors.

• Outliers: During the clean-air laboratory experiment, the OPC-N3 sensor exhibited
significantly more instances of exceptionally high values for both PM2.5 and PM10.
This effect was particularly pronounced for PM10. In the field study, outliers were
identified as deviations from the expected lognormal distribution, especially for the
larger particles in the particle size distribution. In this case, the OPC-N3 showed the
highest values of standard deviation and skewness in the PM10 measurements. This
suggests that the OPC-N3 may be more sensitive to extreme fluctuations, especially in
environments with higher concentrations of larger particles.

• Relative humidity: Field experiments demonstrated that relative humidity had a
greater impact on the OPC-N3 sensor’s measurements compared to the Next PM
sensor, as evidenced by a higher slope. This is likely because hygroscopic particles
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change size when absorbing or releasing moisture. The steeper slope for PM10 indicates
that variations in PM10 readings are more significant relative to PM2.5. The presence
of a resistance heater inside the Next PM sensor likely explains the difference in
behaviour between the two sensors.

• Impact water aerosols: The OPC-N3 sensor demonstrated heightened sensitivity to
detecting PM10 particles in the presence of water aerosols, indicating the potential for
false positives in such conditions.

• Response to zero air: In clean-air laboratory experiments, both sensors registered low
PM concentrations. However, the OPC-N3 tended to measure slightly higher average
concentrations than the Next PM.

• Response to PM concentrations: Statistical analysis revealed that, although the Next
PM sensor recorded lower concentrations than the OPC-N3 during the field campaign,
both sensors were capable of detecting variations in pollutant levels. Both sensors
recorded concentration ranges with lower limits comparable to the lowest PM concen-
trations observed in the clean air experiment.

Table 5. Assessment of the OPC-N3 and Next PM sensors using the identified factors for PM2.5 and
PM10 separately. The symbol “+” means a better performance compared to the other sensor or a
better performance of one parameter (PM2.5 or PM10) relative to the other; “±” indicates a similar
performance; and “-“means a worse performance. The scores associated with +, ±, and – are +1, 0,
and −1, respectively.

Factor
PM2.5 PM10 Remarks

OPC-N3 Next PM OPC-N3 Next PM

Environmental resilience ± ± ± ± Similar behaviour

Noise − + − + Next PM excels for PM10

Outliers − + − + Many outliers for PM10 by OPC-N3

Relative humidity − + − + Next PM is less affected by RH

Water aerosols − + − + OPC-N3 is more affected by aerosols

Response to zero air ± ± ± ± No clear difference between sensors

Response to PM concentration ± ± ± ± No clear difference between sensors

Total score −4 +4 −4 +4

The observed differences in performance between the OPC-N3 and Next PM sensors
(Table 5) should be attributed to several key factors inherent to their design and operational
characteristics. Firstly, the OPC-N3 features a more complex measurement system with
24 histogram channels, allowing for higher resolution in particle size distribution, which
may lead to greater sensitivity to variations in particulate matter concentrations as demon-
strated in studies by [34,49,73]. Conversely, the Next PM, while robust and equipped with
a self-cleaning mechanism, operates within a narrower particle size range (0.3 µm–10 µm)
and employs algorithms for environmental compensation, particularly for humidity, which
may enhance its stability in adverse conditions but potentially limit its responsiveness to
rapid changes in PM levels. Additionally, the components of the sensors and their respec-
tive detection techniques—laser scattering for the OPC-N3 and optical methods for the
Next PM—contribute to observed discrepancies in measurement accuracy and demonstrate
that the OPC-N3 is more susceptible to the disturbances that were evaluated. The results
align with previous studies [51,67,74], that evaluated the OPC-N3′s performance in humid
environments. These researchers reported that high relative humidity can lead to increased
measurement noise and the occurrence of outliers, which can compromise the accuracy
and reliability of its readings.

A key strength of this study is the rigorous control of experimental conditions, ensur-
ing that both sensors were tested under identical conditions. This consistency ensured that
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performance discrepancies were solely due to sensor-specific characteristics. The applica-
tion of a unified protocol further validated the findings, with statistical analysis confirming
that differences in outlier frequency and sensitivity to relative humidity stemmed from the
sensors’ design. These results underscore the strengths and limitations of the OPC-N3 and
Next PM, reinforcing the robustness of the benchmarking framework used.

While this study does not focus on calibration, as it primarily analyses uncalibrated
data using the inherent algorithms of each sensor, it is important to recognize that calibra-
tion significantly influences data quality. It enhances measurement precision and accuracy
by compensating for environmental influences, addressing long-term stability challenges,
and enabling effective benchmarking against reference standards. The findings of this study
indicate that log-normal distributions of particle concentrations can serve as a foundation
for developing both in situ and zero-point calibration algorithms. While the algorithms
employed by both sensors provide a basis for interpreting raw data, establishing calibration
protocols in future work is essential.

5. Conclusions
This study benchmarks the performance of two low-cost PM sensors, OPC-N3 and

Next PM, under controlled laboratory conditions and during field measurements. A com-
prehensive set of factors affecting sensor performance was analysed, providing a robust
framework for future benchmarking studies.

The findings indicate that the Next PM sensor provides measurements that are more
consistent and reliable than the OPC-N3, particularly for PM10 data, which exhibited
susceptibility to perturbations and more frequent outliers. Additionally, the Next PM
sensor showed better resilience to environmental conditions, such as high relative humidity
and the presence of water aerosols, reducing the likelihood of false positives. In contrast,
the OPC-N3 was more susceptible to noise and variations in environmental conditions.

This study underscores the viability of conducting substantial sensor benchmarking
with cost-effective configurations, thereby expanding the accessibility of air quality research.
This approach fosters inclusivity in scientific initiatives, enabling resource-constrained
regions to contribute to global air quality monitoring initiatives.

Future research should explore extended deployment durations and incorporate in situ
calibration techniques to further refine sensor accuracy. Leveraging statistical distribution
patterns of sensor outputs offers promising pathways for automated calibration and long-
term reliability enhancement.
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