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Highlights

What are the main findings?

e Low-cost NDIR sensors show high linearity but significant systematic bias before
calibration.

e Calibration reduces errors below ~20 pmol/mol; uncertainty is dominated by repro-
ducibility.

What are the implications of the main findings?

e  Reproducible and scalable approach as a guideline for the characterization and cali-
bration of low-cost sensors for atmospheric gases.

e  Calibrated low-cost sensors are suitable for monitoring CO, concentration and fluxes
in many contexts.

Abstract

Low-cost sensors are increasingly used in atmospheric monitoring to provide spatially
distributed measurements of gas concentrations, often through sensor networks. How-
ever, their application is still limited by the lack of metrologically robust characterization
procedures. This work addresses a metrological characterization of SCD30 (Sensirion)
non-dispersive infrared (NDIR) low-cost sensors for atmospheric carbon dioxide measure-
ments, tested against an NDIR reference analyzer. A dedicated experimental facility and a
systematic characterization procedure were developed using a dynamic dilution method
in an isolator, covering a concentration range of approximately (350-950) pmol/mol, rep-
resentative of typical ambient conditions. The analysis focused on sensor performance,
calibration functions, uncertainty evaluation, and statistical indicators. Results show that
all sensors exhibit good linearity but significant systematic deviations. The uncertainty
evaluation highlights reproducibility as the dominant contribution (>85% of the uncertainty
budget). The results demonstrate that, after applying calibration, root mean square error
(RMSE) and mean absolute error (MAE) are reduced below 20 pmol/mol, demonstrating a
substantial improvement in accuracy. The Bland—-Altman analysis shows a good agreement
between the reference instrument and the low-cost sensors. The proposed methodology
provides a robust framework for the metrological evaluation and calibration of low-cost
sensors, which can be extended to other atmospheric gases.
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1. Introduction

Accurate and spatially distributed measurements of atmospheric CO, concentrations
have become a central requirement across a broad range of scientific and applied domains,
including industrial processes and safety [1-3]; Indoor Air Quality [4-7]; human health
and performance research [8-10]; transportation and mobility [11,12]; agriculture and
greenhouses [13-15]; environmental and climate monitoring [16-20].

In the context of climate research, the ability to quantify CO, fluxes at fine spatial
and temporal resolution is widely recognized as essential for formulating and evaluating
effective mitigation strategies [21]. For this reason, many studies focus on modelling differ-
ent climate change scenarios [21-23]. However, improving the reliability of these models
requires highly accurate and widely distributed real-world monitoring data, particularly
regarding environmental CO, concentrations. Until now, large-scale CO, measurements
have been limited by the high cost of high-precision instrumentation [24]. In recent years,
however, low-cost sensors have gained increasing popularity due to advancements in elec-
tronics and the Internet of Things (IoT), as they are compact, portable, and energy-efficient
devices [24]. These sensors are often integrated with wireless data transmission systems,
forming flexible and easily deployable measurement units [25].

Low-cost sensor networks are emerging as promising tools for analyzing local-scale
variations in air pollution [26]. Also, in complex urban environments [27], where emissions
vary significantly across space and time. A dense network of such sensors can provide
valuable insights into carbon fluxes and their sources [25].

Despite economic and operational advantages, their adoption in scientific applications
remains constrained by well-documented limitations: sensitivity to temperature, relative
humidity, and atmospheric pressure; cross-sensitivity to other gases; and long-term drift as-
sociated with component ageing [27]. As a result, raw measurements from low-cost sensors
are subject to substantially higher uncertainty than those from reference-grade instruments,
which limits their direct use in decision-making and regulatory contexts [25,26].

The technical limitations of low-cost CO, sensors can be addressed through calibra-
tion [25]. Since manufacturer-provided calibration is often insufficient or unavailable for
many devices, individual sensor calibration and dedicated data processing approaches
are frequently required. These procedures may include outlier filtering, quality control
strategies, and the implementation of correction models capable of converting raw sensor
signals into reliable concentration measurements [25]. Consequently, improving the metro-
logical reliability of low-cost sensing systems remains a key challenge for their effective
deployment in large-scale environmental monitoring networks.

The acquisition of reliable and traceable data is therefore essential for scientific and
environmental applications involving low-cost sensors, making sensor characterization
and calibration fundamental steps in their practical implementation.

Several researchers have already focused on calibrating low-cost sensors: Spinelle et al.
(2015) [28], Yasuda et al. (2012) [29] and Hayward et al. (2024) [30] found that such sensors
exhibit systematic bias and that calibration must include environmental variables (tempera-
ture, relative humidity and pressure). They also recommended periodic recalibration.

Cai et al. [27] performed a long-term field calibration (30 months) of SenseAir K30
sensors co-located with a Cavity Ring-Down Spectroscopy (CRDS) reference instrument
in Beijing. The implemented method involves periodic calibration using traceable gas
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standards and a long-term drift correction procedure, carried out via linear interpolation
between known calibration points. The main results concern environmental correction
(temperature, humidity and pressure), where the application of the regression model
reduced the RMSE from 5.9 pmol/mol to 1.6 pmol/mol and management of drift, which
was corrected by stabilizing daily accuracy within a threshold of 5 pmol/mol. In conclusion,
the authors recommend a calibration interval of every 3—6 months to maintain the reliability
of the results over time.

Mullet et al. [25] presented a network-based calibration based on over 300 SenseAir LP§
sensors. The calibration methodology involved an initial phase in a climate and pressure
chamber, followed by a co-location phase in a real-world environment. The approach is
based on an empirical parametrization of the effects of temperature and pressure on the
sensor’s light emitter. Drift correction takes place under well-mixed atmospheric conditions
by correlating sensor data with that of the nearest reference instrument.

Lee et al. [31] proposed a segmented calibration method in which the sensor operating
range is divided into multiple intervals, each associated with a specific transfer function.
The method was based on the modified progressive polynomial calibration algorithm,
which limits the growth of the polynomial degree, thereby reducing computational com-
plexity and improving numerical stability compared to traditional approaches. The results
showed a significant reduction in calibration error and demonstrated the effectiveness
of the method also in the presence of environmental cross-sensitivity and in embedded
systems with limited computational capabilities.

Other recent research trends are concentrating on the development of mathematical
and probabilistic frameworks for analyzing sensor behaviour [32-34].

Despite this progress, several critical gaps persist in existing literature. First, most
published calibration approaches are strongly sensor-specific, relying on empirical correc-
tion models tailored to a particular device type, which limits their transferability to other
low-cost sensing technologies. Second, and more fundamentally, the metrological founda-
tions of calibration procedures are rarely addressed explicitly: traceability to recognized
standards, rigorous uncertainty quantification, and detailed descriptions of the controlled
experimental infrastructure required for reproducible calibrations are largely absent from
the literature. In the case of CO, sensors, their calibration should cover the objectives of the
Global Atmosphere Watch Programme (GAW) of the World Meteorological Organization
(WMO), which require a precision of 0.1-0.2 umol/mol for global monitoring [35].

The present study addresses these gaps by proposing a metrologically traceable and
reproducible calibration procedure for low-cost gas sensors, with particular emphasis on
uncertainty quantification, traceability to recognized standards, and controlled experimen-
tal conditions. Unlike many previous studies focused mainly on data-driven correction
models, this work provides a detailed description of the experimental infrastructure and
calibration workflow developed at the QM02 laboratory of the Italian National Institute of
Metrological Research (INRiM). The proposed methodology is scalable and can be extended
to larger arrays of low-cost sensors, as well as adapted for the analysis of various other gas
mixtures, such as [36,37].

2. Materials and Methods

The technology evaluated in this study was Non-Dispersive Infrared (NDIR) spec-
troscopy, a technique that has been recommended by the World Meteorological Organiza-
tion (WMO) for its suitability in portable instrumentation [38]. It is also considered one of
the most commercially available types, as well as a robust and selective detection technique
with a very low cross-selectivity [38].
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The experimental activities employed a high-accuracy CO, analyzer as the reference
instrument. This instrument had been previously calibrated according to INRiM internal
procedures using certified gas mixtures.

The reference device is an LI-COR 850 analyzer (LI-COR, Lincoln, NE, USA) [39],
based on NDIR technology, with a measurement range from 0 to 20,000 pmol/mol of CO,
and a nominal (manufacturer-specified) accuracy of £1.5% of the reading. The expanded
uncertainty, as evaluated at INRiM, ranges from 0.8 pmol/mol (at the lowest certified
concentration of 200 pmol/mol) to 3.6 pmol/mol (at the highest certified concentration
of 900 umol/mol). Within this work, this instrument is defined as the primary reference
instrument (LI-cor1).

A second instrument of the same model, with identical nominal specifications, was
also employed and is referred to as the secondary instrument (LI-cor2). Although not
calibrated, this analyzer has been extensively used in previous laboratory activities, where
its measurements were verified to be fully consistent with those of LI-corl. For this reason,
LI-cor2 was used as an additional control to monitor CO, concentration within the isolator
during the experiments.

For the low-cost sensors, the choice of Sensirion SCD30 (Sensirion AG, Stifa, Switzer-
land) [40] was made on the basis of several considerations and comparisons of features,
some of which have been reported in Table 1: cost, accuracy and stability were the primary
scores, while size was not considered a relevant aspect; temperature T and relative humid-
ity RH were also considered. The model SCD41, though smaller and more efficient than
SCD30, has a lower accuracy; therefore, the latter has been preferred. The true competitor
of SCD30 is SenseAir S8 (Asahi Kasei Group, Delsbo, Sweden, Italy), but it does not include
T/RH sensors and is more complex to connect, as it is mainly designed for fixed systems.
The cost of the sensors ranges from €15 to €120.

Table 1. List of the most popular commercial low-cost NDIR considered.

Producer Model Accuracy Range (umol/mol) Integrated Note
Sensors
Sensirion (Stéfa,
. SCD30 +(30 pmol/mol + 3%) 0-40,000 T,RH more stable
Switzerland)

Sensirion SCD40 +(40 pmol/mol + 5%) 0-5000 T,RH slower
Sensirion SCD41 +(40 pmol/mol + 5%) 0-5000 T,RH smaller, more efficient

(Zhe‘rlgrzl;i)r:e(cj};ina) MH-Z19 +(50 pmol/mol + 5%) 0-5000 cheap but less stable
SenseAir o . .

(Delsbo, Sweden) +(40 pmol/mol + 3%) 0-5000 industrial grade

SenseAir K30 +30 umol/mol 0-10,000 optional more professional
SenseAir LP8 +(50 umol/mol + 5%) 0-2000 T based on duty-cycle

The SCD30 is characterized by a dual-channel NDIR configuration, designed to ensure
good long-term stability and accurate CO, measurements; the presence of two measure-
ment channels enables compensation for drift and temporal variations, thereby improving
reliability compared to simpler sensor designs. According to the manufacturer’s data
sheet, the sensor measures CO, concentrations typically in the range from 400 pmol/mol
to 10,000 pmol/mol, with a vendor-specified accuracy of +£30 pmol/mol + 3% of the
measured value and a response time of approximately 20 s. An important feature of the
module is the integration of T and RH sensors, which are not merely auxiliary outputs
but are actively used to compensate for the CO, measurement. Consequently, the overall
data quality also depends on the correct operation and placement of the sensor within the
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environment, as factors such as local heating effects or non-uniform airflow may introduce
indirect measurement errors.

Three SCD30 sensor modules were used and later identified as senl, sen2, and sen3.

The isolator chamber was developed in response to the growing demand for the
simultaneous testing of many sensors in their ‘bare’ configuration (i.e., limited to the
sensing element without any housing), as required by the increasing use of low-cost sensors.
The isolator made of transparent poly(methyl methacrylate) (PMMA) with dimensions of
(80 x 80 x 80) cm (Montepaone, San Mauro Torinese, Italy) was designed at INRiM (in
Supplementary Materials Figure S1). The transparent structure enables continuous visual
monitoring of the internal conditions during experimental tests. The isolator is equipped
with two openings of (60 x 30) cm, positioned on adjacent sides, to facilitate the insertion
and positioning of instrumentation. It is also fitted with a temperature control system
based on a chiller, enabling operation within a range from —25 °C to 150 °C (from the
datasheet) [41]. The chiller plate is installed at the bottom of the isolator and covered with a
perforated plate made of the same material as the enclosure to promote adequate air mixing
within the test volume. The chiller unit is in the lower part of the supporting structure,
consisting of a steel platform equipped with wheels, designed to facilitate the movement of
the entire system.

Prior to use, the isolator underwent a characterization phase. In particular, a decay
test was performed using CO, as a tracer gas, demonstrating that, when sealed, the
system exhibits high airtightness, with an air exchange rate equal to 0.0012 vol/h. The
internal temperature uniformity was also assessed under ambient conditions (i.e., without
active chiller control), using three Pt100 sensors previously calibrated according to internal
laboratory procedures. The maximum temperature difference recorded among the three
measurement points was ~0.002 °C, confirming a high level of thermal uniformity within
the isolator.

To promote uniform gas distribution within the isolator, a 15 V fan was employed.

Pure nitrogen (N) (grade 6.0), supplied by Air Liquide (Milano, Italy), was used
as zero gas, and a gas mixture of CO, in N, with a concentration of 80,325 umol/mol,
gravimetrically prepared at INRiM following the prescriptions of the International Standard
ISO 6142-1 [42], was employed for dynamic mixing inside the isolator.

The gas flow was controlled by a calibrated Mass Flow Controller (MFC) (MKS
Instruments, Andover MA, USA), with a full scale of 2000 standard cubic centimetres
per minute (SCCM).

2.1. Experimental Set-Up

The two high-quality instruments and the three low-cost sensors were installed inside
the isolator, which was operated under uncontrolled ambient conditions and used as a
mixing chamber for dynamic dilutions. The two gas cylinders were connected to a selection
valve, allowing the choice of the gas to be injected. The selected gas stream was then
regulated by the MFC and introduced into the isolator.

By injecting controlled amounts of gas, a target concentration was reached within the
isolator. In particular, CO, and N, flows were adjusted to respectively increase or decrease
the CO; concentration, enabling the generation of predefined concentration levels.

To ensure proper gas homogenization within the isolator, two high-quality reference
instruments were employed, providing an extra measurement and enabling cross-validation
of the concentration levels inside the chamber.

A schematic representation of the experimental setup for the characterization of the
low-cost sensors is shown in Figure 1.
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Isolator

Low-cost sensors

Lil-cor 2

Figure 1. Schematic representation of the experimental set-up.

The three low-cost sensors were characterized by comparison with the reference
instrument, LI-corl, over a concentration range spanning approximately between (350-950)
umol/mol, representative of typical ambient atmospheric conditions. During the tests,
both the reference instrument (LI-corl) and the low-cost sensors continuously recorded
measurements: the LI-corl every 5 s and the low-cost sensors approximately every 20 s.

Figure 2 shows the inlets and outlets of the reference sensors and the position of the
low-cost sensors inside the isolator.

Ll-cor1
inlet

Figure 2. Photo of the experimental set-up realized in the isolator.

2.2. Calibration Methods

In this study, two methods for calibration of the low-cost sensors were considered.

According to the first one, the sensor response is calibrated using a step function that
is a piecewise constant function, assuming constant values over predefined intervals and
exhibiting discontinuities at the interval boundaries [43]. This kind of calibration procedure
can be applied to all the sensors, regardless of their specific characteristics and even in the
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absence of linear behaviour. The result of this method is a table reporting the measurement
results of the low-cost sensor together with their corresponding errors, for which they need
to be corrected, and uncertainties associated with those errors. This information can then
be used to correct subsequent measurements.

The second method involves a more in-depth analysis and can only be applied if
the sensor exhibits a functional dependence on the sensor readings with respect to the
reference values. In this case, a polynomial curve is typically fitted to the data according
to some appropriate regression method. In the present study, the Weighted Total Least
Squares (WTLS) regression was applied because it is able to account for uncertainty in both
variables [44].

2.2.1. Low-Cost Sensors Correction and Associated Uncertainty

Since low-cost sensors frequently deviate from linear behaviour, we propose a step
approach that can be effectively applied to any sensor under test, regardless of its
specific characteristics.

Measurement points, between 350 umol/mol and 950 pmol/mol, were selected as
representative of the concentration range under analysis. To account for the sensor error
at each point, a correction associated with each sensor was evaluated on the basis of the
readings acquired in a 10 min time interval corresponding to a stable CO, concentration.
In order to ensure a metrologically valid comparison and to reduce the impact of high-
frequency measurement noise, a time-averaging of the readings was taken.

For each 10 min interval, the reference CO;, concentration was computed as the
arithmetic mean COj ¢ of the reference instrument readings. Similarly, the sensor output
was estimated as the mean CO; g, of the measurements made in the same 10 min interval
by each low-cost sensor. The measurement error € was defined as:

¢ = COgsen — COZ,ref 1)

This definition allows the identification of systematic deviations, with positive val-
ues indicating overestimation and negative values indicating underestimation by the
sensor, respectively.

The uncertainty u, associated with the error ¢ was evaluated following a bottom-up
approach consistent with the GUM framework [45], i.e., by combining the main sources of
uncertainty affecting both the reference instrument and the low-cost sensor measurements,
which are:

e Calibration of the reference instrument (u,]): uncertainty term that ensures the trace-
ability of the reference sensors:

uea = U(d)/2 2)

where U(d) is the expanded uncertainty derived from its calibration certificate (other
uncertainty contributions such as repeatability and reproducibility were negligible for
the reference sensor measurements).

e  Resolution of the low-cost sensor (ures): the uncertainty due to the resolution of the
sensors was evaluated assuming a rectangular probability distribution:

Upes = 5/2\/5 (3)

where 6 represents the sensor resolution as specified in the manufacturer’s datasheet.
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e  Repeatability of the low-cost sensor (urepeat): the repeatability component was evalu-
ated as the standard deviation of the mean of repeated measurements within each 10
min interval, performed under nominally identical conditions:

Urepeat = Ssen/ /Msen 4)

where ssen is the standard deviation of the sensor measurements in each 10 min interval,
and ngen is the number of measurements.

e  Reproducibility of the low-cost sensor (ureprod): the reproducibility component was
evaluated as the standard deviation of three independent measurements repeated at
the same concentration with a minimum of 4 h between repetitions. The corresponding
uncertainty contribution was calculated as:

Ureprod = SCOyen 5)

where SCOy sen 18 the standard deviation of the three mean responses obtained at corre-
sponding 10 min intervals in the three independent measurement repetitions.

The combined standard uncertainty u, associated with the measurement error was
hence obtained by applying the law of uncertainty propagation to model (1), taking
into account all the contributions reported above:

— 2 2 2 2
Ue = \/(ucal T Upes T U repeat + ureprod) (6)

where, in a conservative approach, the maximum repeatability uncertainty among the
repetitions was employed in order to account for the worst-case variability.

Finally, the expanded uncertainty U was calculated to define the confidence interval
of the measurement at a desired level of confidence:

where k is the coverage factor. In compliance with the GUM guidelines, a factor of k =2 is
used, providing a confidence level of approximately 95%, assuming a normal distribution
is associated with the measurand.

All uncertainty contributions not explicitly included in the analysis were considered
negligible for the purposes of this study.

Eventually, a table was produced in which all the components of the uncertainty
budget for the calibration are reported. The table contains the values read by the low-cost
sensor, the corresponding errors and the uncertainties associated with the errors. Based on
the experimental results, a correction table can identify the concentration intervals, and
the corresponding correction associated with each interval can be applied to subsequent
measurements. As a consequence, the resulting calibration model can be interpreted as a
step function.

The correction to apply to future readings, provided by the low-cost sensors when
used in real-world applications, will be performed according to Equation (8):

CO2,corr = COgen + € (8)

U(COzcorr) =2 X <\/(Ssen/ﬁ)2 + usz) 9)

where CO3 ¢,y is the corrected value, COjy gy, is the rough reading of the low-cost sensor, &
is the error reported in the calibration table at a concentration value equal to or close to
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COzsen- The expanded uncertainty U(COy ) associated with the correction is obtained
according to Equation (9) on the basis of the repeatability uncertainty (ssen/+/1) of the
low-cost sensor measurements obtained when using the calibrated sensor in the field, and
the error uncertainty u, reported in the table.

Measured concentration values, even when different from the specific calibration
points, will fall within concentration intervals previously defined based on the experimental
calibration results and reported in the correction table. Therefore, each measurement can be
corrected using the error value and the associated uncertainty corresponding to the interval
in which the measured concentration lies.

2.2.2. Weighted Total Least Squares (WTLS) Regression

If the sensor showed a functional dependence of the readings with respect to the refer-
ence instrument readings, a proper analysis curve could be determined by fitting the data.
In this case, the calibration curve was obtained by implementing a Weighted Total Least
Squares (WTLS) regression method, which is able to take into account the uncertainties
associated with both dependent and independent variables. The regression was performed
using the CCC software (v2.0) [46]. An analysis curve was fitted by providing as input data
to the software the measurements obtained from the low-cost sensors (average of the three
repetitions), i.e., the independent x values, and the reference measurements (average of the
three reference readings) as the dependent y values. As input to the software, covariance
matrices associated with x and y values were provided, which were diagonal matrices
reporting on their diagonal the combined squared uncertainties of CO» sens and COy ef,
respectively. For all sensors, a linear regression model (y = a + bx) was adopted. The CCC
software provided the estimates of the coefficients a and b, together with their associated
uncertainties and covariance, the fitted values on the curve and the associated uncertainties.

Once the calibration parameters were estimated, the analysis curve could be used to
estimate the true gas concentration from a new sensor reading taken in the field according
to the following equation:

COz,corr = a+ b X CO2sen (10

The associated standard uncertainty is evaluated according to:
12 (y) = u2(a) + 13 (b) X COpuen® + b2 X 1¥(COy ., ) + 2u(a,b) X COz (1)

where u(a) and u(b) are the standard uncertainties associated with the intercept and slope
coefficients, respectively, u(a,b) is their covariance, and #(CO» gep) is the standard uncertainty
associated with the sensor reading. The covariance term is due to the statistical correlation
between the fitted regression parameters.

2.3. Statistical Analysis and Performance Metrics

The multi-point/tabular calibration performance was validated through statistical
analysis including RMSE, MAE, Bland-Altman analysis, and coefficient of determination
(R?), whereas the WTLS fitting calibration validity was assessed through the normalized
chi-square statistic and the plot of residuals.

2.3.1. Root Mean Square Error (RMSE)

The RMSE is used to quantify the overall deviation between each sensor and the
reference, the metric being applied to the average values over 10 min time intervals:

2
RMSE = \/ (iZ(COz,sm ~ COpyey ) ) (12)
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where 7 is the total number of readings taken in the entire range of concentrations analyzed.

2.3.2. Mean Absolute Error (MAE)

The MAE provides a robust estimate of the average absolute deviation, considering
the average values over 10 min time intervals:

1
MAE = EZ’COLW — COy e (13)

where 7 is the total number of readings taken in the entire range of concentrations analyzed.

2.3.3. Bland—Altman Analysis

The Bland-Altman plot is used to describe agreement between two quantitative
measurements by creating limits of agreement (LoA). These statistical boundaries are
determined using the mean (D) and standard deviation (s) of the differences between the
two measurements using a graphical method [47]. The resulting graph (in Section 3.2) is
a scatter plot with the y-axis displaying the difference ACO; (COj yof — CO2 sen) between
the measurements and the x-axis indicating the mean of these values CO; ((COpef +
COg26en)/2). Essentially, the difference in the two paired measurements was plotted against
their average. Bland—Altman analysis suggested that 95% of the data points should fall
within £1.96 times the standard deviation of the mean difference.

2.3.4. Coefficient of Determination (R?)

The coefficient of determination (R?), i.e., the squared correlation [48], was adopted
to study the linearity of the dependence of the sensor response on the reference measure-
ments. An R? value close to 1 indicates a strong linear dependence between the sensor
and reference.

2.3.5. Normalized Chi-Square Statistic

When the regression analysis described in Section 2.2.2 is performed, the CCC software
provides the normalized chi-square statistic, (x?>/(n — p)), where x? is the weighted sum
of squared residuals and (1 — p) is the difference between the number of observations (1)
and the number of fitted parameters (p), corresponding to the degrees of freedom of the
model. A value of the normalized chi-square statistic close to 1 indicates that the agreement
between the observations and the fitted model is consistent with the input uncertainties.

3. Results

As explained in Section 2, this research utilized two high-quality instruments and
three low-cost sensors. The two reference instruments provide highly comparable results
(as demonstrated in Supplementary Materials Figure S2). Consequently, LI-cor2 will not be
considered for the study, while all subsequent analyses were conducted utilizing LI-cor1 as
the primary instrument, already calibrated.

The acquisition of data was conducted over a period of more than two consecutive
weeks, with the aim of generating a dataset that was statistically significant and representa-
tive of the operational conditions.

The performance of the low-cost CO, sensors was evaluated by comparing their
response with the reference instrument across multiple concentration levels within the
~350 pmol/mol and ~950 pmol/mol range reported in Table 2.

In order to investigate the behaviour of the sensors even below the lower limit declared
by the manufacturer, measurements were performed at 348 umol/mol, a value slightly
lower than the typical atmospheric concentration but still realistic in extremely positive
environmental conditions.
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Table 2. Average CO, values over a 10 min interval for each reading collected.

Repetitions (umol/mol) (umol/mol) (umol/mol) (umol/mol) (umol/mol) (pumol/mol) (umol/mol)
I 348.02 453.43 551.06 649.26 754.04 850.57 951.46
COy et I 348.28 453.56 550.77 649.42 754.02 851.36 951.84
1 349.13 453.64 551.35 649.53 753.93 851.34 952.27
I 319.76 426.77 520.96 592.16 714.06 788.37 866.49
CO2,sen1 I 348.79 432.72 515.78 599.60 698.85 826.38 877.96
1 312.84 423.89 513.56 616.98 682.28 764.57 890.39
I 343.94 443.06 550.28 629.26 734.24 796.89 888.29
CO2,sen2 I 355.89 445.26 532.22 599.82 723.00 838.58 883.78
1 377.59 437.10 531.10 627.87 759.63 854.99 972.49
I 372.31 473.78 577.68 641.29 765.82 836.58 927.47
CO2,sen3 I 383.21 472.39 571.22 644.73 751.66 877.87 936.88
I 352.88 459.84 550.82 645.33 735.78 828.21 952.29

For each concentration level, three independent measurements were taken (repetitions
I, 11, I1I), thereby constructing increasing and decreasing concentration scales within the
closed isolator, with the objective of minimizing external contamination and ensuring
controlled conditions.

The environmental parameters within the isolator were not controlled; rather, they
were the subject of continuous monitoring. Throughout the experimental campaign, T and
RH were maintained at levels typical of an indoor environment. T values in the range
(24-27) °C and HR values between (24-45)% were recorded. The environmental parameters
measured during the 10 min intervals analyzed are shown in Supplementary Materials
Figure S3, with temperatures ranging from 26.44 °C to 24.63 °C and relative humidity from
41% to 28%. These sensors were previously tested in a climatic chamber in a temperature
range between 15 °C and 30 °C and relative humidity between 30% and 60%. The results
showed no variations in CO, measurement resulting from changes in these parameters.

As demonstrated in Figure 3, all sensors exhibited a similar trend to the reference
instrument across the entire concentration range. Even though the concentration of the
substance under investigation was at its lowest recorded level of 348 pmol/mol, which is
outside the range declared by the manufacturer, the sensors still demonstrated a consistent
response, albeit with greater dispersion.

number of reference measurements
0 10,000 20,000 30,000 40,000 50,000 60,000
1200 } . . : . . .

1000

800

600

COy(pmol/mol)

400

200

®senl e sen2 sen3 e Ll-corl

0 2,000 4,000 6,000 8,000 10,000 12,000 14,000

number of low-cost's measurements

Figure 3. CO, measurements were made by the three low-cost sensors and the reference instrument
LlI-corl during this research.
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In this study, a 10 min analysis for each repetition for each concentration was consid-
ered. In Supplementary Materials, Figure 54 presents, as an example, the 10 min analysis for
the sen3 sensor. It is evident that the reference instrument demonstrates elevated stability,
characterized by overlapping curves across repeated measurements, while the low-cost
sensors exhibit greater dispersion. Figure S5 illustrates the mean value of the three repli-
cates for each sensor. The graph demonstrates that: senl shows an increasing offset with
concentration and exhibits the greatest deviation from the reference; sen2 demonstrates
good overall agreement, with more marked deviations at 649 pmol/mol and 952 pmol/mol;
sen3 is the closest to the reference across the entire range analyzed. It is also interesting to
note that, comparing the low-cost sensors among each other, their respective offsets show
the same trend: senl measurements are invariably smaller than those from sen2, which, in
turn, are smaller than those from sen3.

3.1. Uncertainty of the Correction

Table 3 presents the mean values of the three repetitions, calculated over the 10 min
analysis intervals for each concentration. The corresponding ¢ errors, which quantify a
systematic deviation from the reference, are also reported. The error exhibited variability
across the concentration range that was investigated, thus indicating the presence of both
offset and a potential concentration-dependent bias. In particular, senl shows an increasing
systematic underestimation with concentration (up to —73.58 umol/mol at the highest
concentration of ~952 umol/mol), indicating a gain error; sen2 exhibits intermediate
behaviour, with both positive and negative errors, suggesting a combination of offset and
nonlinearity. The sen3 model demonstrated the highest degree of accuracy, with error
ranges from approximately +21 pmol/mol to —13 umol/mol, and a total variation of
34 umol/mol.

Table 3. Average CO, values of the three repetitions and corresponding errors.

(umol/mol) (umol/mol) (umol/mol) (umol/mol) (umol/mol) (umol/mol) (umol/mol)

COy s 348.48 453.54 551.06 649.40 754.00 851.09 951.86
CO2,sen1 327.13 427.79 516.77 602.91 698.40 793.10 866.49
€senl —21.34 —25.75 —34.30 —46.49 —55.60 —57.98 —73.58
COg2sen2 359.14 441.81 537.87 618.98 738.96 830.15 914.85
€sen2 10.67 —11.74 —13.19 —30.42 —15.04 —20.94 —37.01
CO2,5en3 369.47 468.67 566.57 643.78 751.09 847.56 938.88
€sen3 20.99 15.13 15.51 —5.62 —291 —3.53 —12.98

The initial phase of the analysis consisted of determining the combined uncertainty,
which integrated all the components discussed in Section 2.2.1. The experimental results
obtained are presented below as an example of the application of the analysis protocol
developed at INRiM for the metrological calibration of low-cost CO; sensors.

Repeatability analysis confirmed that the intrinsic variability at each 10 min interval is
low (Figure 4).

Specifically, the maximum repeatability standard deviations recorded for the senl,
sen2, and sen3 sensors were 6.21 umol/mol, 4.70 umol/mol, and 5.10 umol/mol, re-
spectively. For the senl and sen2 sensors, the variability was observed at the highest
concentration level (951.86 pmol/mol), while for the sen3 sensor, the highest standard
deviation was found at 754.00 umol/mol.

The combined uncertainty is thus dominated by the reproducibility component (ttreprod),
which in many cases represents over 85% of the total uncertainty budget (Figure S6). This
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finding indicates that the primary constraint of low-cost sensors is not resolution or short-term
repeatability, but rather stability between independent measurements.
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Figure 4. Repeatability uncertainty was analyzed for all three repeats for the entire CO, range
analyzed: (a) repeatability uncertainty of senl; (b) repeatability uncertainty of sen2; (c) repeatability
uncertainty of sen3.
The contributions of u., and U are the same for the three sensors and, at the end,
are negligible in the combined uncertainty.
Adopting a conservative approach (maximum repeatability value) is known to ensure
metrological robustness, although it can lead to a slight over-evaluation of uncertainty.
After all the analyses have been carried out, the uncertainty budget tables for each
sensor were developed and are reported in Tables 4—6.
Table 4. Uncertainty budget table for sen1.
max
COZ,senl €senl Ucal Ures_senl u ; ) Ureprod_senl Uc_senl Usent
repeat_sen
(umol/mol)  (umol/mol) (umol/mol) (umol/mol) (umol/mol) (umol/mol)  (umol/mol) (umol/mol)
327.13 —21.34 0.70 0.01 0.87 19.08 19.11 38.22
427.79 —25.75 0.90 0.01 0.62 4.50 4.63 9.26
516.77 —34.30 1.10 0.01 0.70 3.80 4.01 8.03
602.91 —46.49 1.30 0.01 0.75 12.74 12.82 25.65
698.40 —55.60 1.50 0.01 0.59 15.89 15.98 31.95
793.10 —57.98 1.70 0.01 0.56 31.18 31.23 62.45
878.28 —73.58 1.90 0.01 0.55 11.95 12.16 24.32
Table 5. Uncertainty budget table for sen2.
max
COZ,senZ Esen2 Ucal Ures_sen2 repeat_sen2 Ureprod_sen2 Uc_sen2 Usen2
(umol/mol) (umol/mol) (umol/mol) (umol/mol) (umol jmol) (umol/mol) (umol/mol) (umol/mol)
359.14 10.67 0.70 0.01 0.49 17.06 17.08 34.16
441.81 —11.74 0.90 0.01 0.47 4.22 4.34 8.68
537.87 —13.19 1.10 0.01 0.61 10.76 10.83 21.67
618.98 —30.42 1.30 0.01 0.53 16.61 16.67 33.34
738.96 —15.04 1.50 0.01 0.40 18.77 18.83 37.66
830.15 —20.94 1.70 0.01 0.70 29.95 30.01 60.02
914.85 —37.00 1.90 0.01 0.90 49.96 50.01 100.01
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Table 6. Uncertainty budget table for sen3.
COZ,sen3 €sen3 Ucal Ures_sen3 Ure I:l:tlxsens Ureprod_sen3 Uc_sen3 Usens
(umol/mol)  (umol/mol) (umol/mol) (umol/mol) (pnlzol /mol) (umol/mol)  (umol/mol) (umol/mol)
369.47 20.99 0.70 0.01 0.65 15.37 15.40 30.79
468.67 15.13 0.90 0.01 0.49 7.68 7.75 15.49
566.57 15.51 1.10 0.01 0.38 14.02 14.07 28.14
643.78 —5.62 1.30 0.01 0.44 2.18 2.58 5.15
751.09 —-291 1.50 0.01 0.95 15.03 15.13 30.27
847.56 —3.53 1.70 0.01 0.44 26.59 26.64 53.29
938.88 —12.98 1.90 0.01 0.56 12.53 12.68 25.37
For senl, the ueproq ranges from 3.80 umol/mol to 31.18 pmol/mol. For sen2, the
dispersion of the mean is found to be significantly amplified at specific concentration levels,
with a maximum of 49.96 umol/mol observed at a concentration of 951.86 umol/mol. For
the sen3, the maximum ueproq value is 26.59 pmol/mol, which is a very good value for a
low-cost sensor.
For all the low-cost sensors, U exhibits a pronounced concentration dependence driven
by the anomalous outlier session, reaching ~62 pmol/mol and ~100 umol/mol at 851 and
951 pmol/mol, respectively. Sen3 sensor shows a more regular behaviour, with U ranging
from ~5 umol/mol to ~53 pmol/mol (Figure S7).
In Supplementary Materials, Figure S7 presents the behaviour of error ¢ as a function
of reference concentration, specifically, it shows the mean error among repetitions (I, Il and
I1I) and the expanded uncertainty band +U. This representation allows for the simultaneous
visualization of systematic bias, random variability, and the concentration dependence of
the error. Senl shows systematic and concentration-dependent underestimation, with &
ranging from —21.34 pmol/mol at 348 umol/mol to —73.58 umol/mol at 952 pmol/mol.
For practical applications, we therefore recommend defining in advance the expected
concentration range of the target gas, in order to construct the correction table within the
most appropriate operating range. In this case, the correction table is Table 7, where, after
the analysis of the uncertainty budget tables, the concentration interval was decided to be
every 100 pmol/mol. Once the correction table has been established, the sensors can be
employed for measurements, and the recorded values should be corrected according to
Equation (8) reported in Section 2.2.1.
Table 7. Correction table for all three low-cost sensors.
CO; Concentration Interval €senl Esen2 €sen3 Uc senl U sen2 Uc sen3
(umol/mol) (umol/mol) (umol/mol) (umol/mol) (umol/mol) (pumol/mol) (umol/mol)
300-400 —21.34 10.67 20.99 19.11 17.08 15.40
400-500 —25.75 —11.74 15.13 4.63 4.34 7.75
500-600 —34.30 —13.19 15.51 4.01 10.83 14.07
600-700 —46.49 —30.42 —5.62 12.82 16.67 2.58
700-800 —55.60 —15.04 -291 15.98 18.83 15.13
800-900 —57.98 —20.94 —3.53 31.23 30.01 26.64
900-1000 —73.58 —37.00 —12.98 12.16 50.01 12.68

When the entire measurement chain is taken into consideration, all three sensors
demonstrate adequate linearity, thus enabling the implementation of a linear transfer
function for calibration purposes (Figure 5a). The correction, which is the sum of the
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average error value obtained from the three readings, is applied to each reading, with the
result that all readings are significantly improved (Figure 5b).
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Figure 5. Readings of CO; of the reference instrument and low-cost sensors: (a) before correction;
(b) after correction with the expanded uncertainties (k = 2).

3.2. Statistical Performance Metrics

In order to perform a quantitative evaluation of sensor performance, the present study
employed a number of statistical indicators that have been frequently utilized within the
existing literature. These indicators are outlined in Section 2.3.

Figure 6 provides a summary of the primary performance indicators for the three
sensors, conducted on all 21 data points (7 concentration levels x 3 repetitions) for each
sensor, both before and after calibration. In the pre-calibration phase (light columns), the
sensors exhibit RMSE values ranging from ~50 pmol/mol to ~18 umol/mol, while the
MAE ranges from ~40 pmol/mol to ~15 umol/mol. The discrepancy between the RMSE
and the MAE at this stage indicates that the error is not purely stochastic but is dominated
by a significant systematic component (bias), as previously observed in the offset analysis.
In particular, senl demonstrates the highest initial error, consistent with the negative bias of
approximately —27 umol/mol that was detected during the characterization process. The
application of the calibration model resulted in a significant improvement in data quality.
Following calibration (darker columns), the RMSE and MAE were reduced to exceptionally
low values, falling below ~20 umol/mol.

The Bland—-Altman plots reported in Figure 7 highlight the agreement between the
measurements provided by the three low-cost sensors and the reference instrument over the
investigated concentration range. All three low-cost sensors exhibit acceptable agreement
with the reference instrument, since all data points fall within the LoA. For sensor 1
(Figure 7a), the differences ACO, are consistently positive and increase with increasing
CO; concentration, suggesting the presence of a systematic proportional bias. It presents
the highest bias (45.01 pmol/mol) and the biggest LoA (37.05 pmol/mol) of the three
sensors. Sensor 2 (Figure 7b) shows the best agreement among the three sensors because
the data points are more symmetrically distributed around the bias line. For sensor 3
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(Figure 7c), the bias is very small (—3.80 pmol/mol), and the differences are predominantly
negative at lower concentrations and tend to increase towards positive values as the

concentration rises.
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Figure 6. Primary performance indicators (RMSE, MAE) for the three sensors, both before and after

calibration.
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Figure 7. Plot of differences between low-cost sensor average measurements and reference average
measurements vs. the mean of the two measurements (data from Tables 4-6) (solid circles), highlight-
ing the LoA (dashed lines) and the bias (continuous line): (a) Bland—Altman analysis of sen1 (red);
(b) Bland—Altman analysis of sen2 (green); (c) Bland—Altman analysis of sen3 (yellow).

The coefficient of determination (R?) for the three sensors demonstrated a well-defined
linear response within the tested range, with values highly comparable and very close to 1,
indicating a strong linear correlation and therefore a good ability of the sensor to follow

concentration variations.

e Senl: R =0.9998
e  Sen2: R =0.9982
e  Sen3: R? =0.9994
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3.3. Application of Regression Analysis

The sensors demonstrated a good linearity, so it was possible to fit the straight line
(y = a + bx) analysis curves. These curves were constructed using the CCC software,
which employs the WTLS method with known uncertainties. The CCC software provided
the estimates of the coefficients a and b, together with their associated uncertainties and
the covariance u(a,b), and calculated the normalized chi-square statistic (x2/(n — p)), all
reported in Table 8.

Table 8. Results of the straight-line analysis curves fitted by the WTLS method.

y=a+bx
a (umol/mol) b u(a) (umol/mol) u(b) u(a,b) (umol/mol) X — p)
senl —18.87 1.10 14.41 0.02 —0.38 0.03
sen2 —11.93 1.05 20.43 0.04 —0.84 0.35
sen3 —43.64 1.07 17.79 0.02 —0.49 0.65

Figure 8 shows the analysis curve obtained for Senl as an example; the other calibration
curves are in the Supplementary Materials (Figures S8 and S9). The experimental points
(red stars in the figure) exhibited a linear behaviour over the investigated concentration
range. The fitted values (green points in the figure) have relatively small uncertainty bars
compared to the full-scale span.
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Figure 8. Analysis curve for senl with associated uncertainty, elaboration results plot produced by
the CCC software for a linear WTLS regression. Red asterisks represent the measured concentration,
and the errors bars are the expanded uncertainties (k = 2) for the regression.

The fitted model adequately reproduced the experimental data, as also confirmed by
the low normalized chi-square value and by the residual analysis reported in the Supple-
mentary Materials (Figures S10-S12). The results show distinct behaviours across sensors:
senl exhibits the highest accuracy, with residuals tightly and randomly distributed around
the zero line, confirming a robust linear fit without systematic bias. In contrast, sen2 shows
a significantly higher data dispersion, indicating lower experimental precision or higher
noise, although the errors still fluctuate randomly above and below the baseline. Finally,
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sen3 reveals a clear systematic underestimation, as almost all residuals are consistently
positive. Incidentally, it was checked that a parabolic fit would behave better, leading to a
smaller normalized chi-square value.

4. Discussion

Although low-cost NDIR CO, sensors are increasingly employed for environmental
monitoring applications, several studies have highlighted limitations related to sensor drift,
concentration-dependent bias, environmental cross-sensitivity, and non-linear response be-
haviour, particularly under varying temperature and humidity conditions [24,27,32,49]. Con-
sequently, accurate calibration procedures remain essential to ensure reliable measurements.

This study aims to provide guidelines for the correct calibration of low-cost sensors,
and therefore, the analyzed sensors served as an example to explain the calibration proce-
dure. The experimental results indicate that, prior to any correction, the NDIR technology
under analysis exhibits inconsistent performance. The sen3 sensor demonstrated the opti-
mal raw performance, while senl exhibited the most problematic behaviour, characterized
by a marked gain error.

It is observed that the CO, detection range of the low-cost sensors analyzed, as in-
dicated in the datasheet specifications (starting from 400 umol/mol), is fully consistent
with current global atmospheric concentrations. According to data from the NOAA Global
Monitoring Laboratory (2026), the global weekly average concentration has reached ap-
proximately 428.89 pmol/mol [50]. Therefore, the sensors tested are suitable for monitoring
the environmental background and variations in this caused by anthropogenic interference
typical of urban areas.

The management of sampling frequencies represented a critical aspect of the ex-
perimental design. The decision to utilize the reference instrument at 5 s intervals was
essential for the effective monitoring of the dynamic dilution occurring in the isolator
with high resolution. Conversely, for the low-cost sensors, a sampling rate of 20 s was
necessary to mitigate the influence of electronic background noise and the instrument’s
internal resolution.

The evaluation of the expanded uncertainty U, carried out using a bottom-up approach
consistent with the GUM framework [45], revealed that the dominant limitation is not
related to resolution uyes or reference calibration u,), contributions which are negligible. The
primary source of uncertainty is inter-session reproducibility #eprod, defined as the sensor’s
capacity to maintain a consistent response across independent measurement cycles. This
evidence suggests two research priorities for future studies: firstly, the characterization of
the drivers of variability (thermal drift, humidity, warm-up times); and secondly, an increase
in the number of replicates to make the evaluation of uep0q statistically more robust.

The proposed correction tables are based on the assumption, also shared by Lee
et al. [31], that, due to the limited linearity typically exhibited by low-cost sensors, their
response can be analyzed over discrete concentration ranges rather than through a single
global calibration function. Consequently, the calibration procedure can be interpreted
as a stepwise correction approach, in which specific correction values are associated with
predefined concentration intervals derived from the experimental calibration results.

The analysis of the linear regression model represents a rapid and effective approach
for assessing the linearity of low-cost sensors. However, we recommend using this analysis
as a preliminary evaluation to determine whether a more rigorous calibration approach,
such as the WTLS regression method, can be appropriately applied. In this work, the WTLS-
based analysis curve estimation is therefore presented as a supplementary, non-mandatory
analysis, since the proposed point-by-point calibration method, when properly performed,
is already sufficiently robust for correcting measurements obtained from low-cost sensors.
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The substantial decrease in RMSE and MAE (Figure 6) following calibration serves
to confirm the efficacy of the method. The post-calibration residuals were significantly
reduced and did not show evident systematic behaviour. The RMSE values obtained
in this study are consistent with the data reported in the existing literature: Mueller
et al. [25] report values ranging from 8 pmol/mol to 12 pmol/mol over extended periods
(19-25 months). Conversely, Cai et al. [27] achieved reductions from 5.9 umol/mol to
1.6 umol/mol through the implementation of drift stabilization techniques. The minor
discrepancies observed in the present study in comparison to the findings of these authors
are primarily attributable to the distinct construction tolerances associated with the various
generations of sensors, rather than to the validity of the employed analytical methodology.
Compared with previous studies based mainly on empirical or machine-learning correction
approaches [51,52], the proposed methodology prioritizes metrological traceability and
reproducibility of the calibration process. Although the achieved accuracy is comparable
to that reported in the recent literature, the main advantage of the proposed approach
lies in the detailed characterization of uncertainty sources and in the use of controlled
calibration conditions. On the other hand, the methodology requires dedicated laboratory
infrastructure and controlled gas mixtures, which may limit its immediate applicability in
low-resource operational contexts.

Although the post-calibration performance achieved in this study is suitable for urban
mapping and high-spatial-resolution monitoring applications, the investigated low-cost
sensors still do not satisfy the compatibility goals defined by the WMO Global Atmosphere
Watch programme for global atmospheric monitoring (0.1-0.2 umol/mol) [35]. This limita-
tion reflects the intrinsic technological constraints of current budget-class NDIR sensors,
including sensor drift, environmental sensitivity, and inter-device variability. Nevertheless,
after metrological calibration, these devices can still represent valuable tools for the analysis
of local CO; gradients and urban-scale emission patterns.

5. Conclusions

This study presents a fully reproducible and metrologically traceable calibration
procedure for low-cost gas sensors. This procedure is demonstrated using non-dispersive
infrared (NDIR) CO; sensors (SCD30, Sensirion) as a representative case. The proposed
tabular methodology is independent of the type of sensor and can be applied to any low-
cost sensor, regardless of its specific response characteristics. For sensors exhibiting linear
behaviour, additional guidelines for determining calibration and analytical curves using
CCC software are also provided.

Before calibration, all sensors exhibited systematic deviations from the reference in-
strument, including both offset and concentration-dependent bias. Despite these deviations,
all sensors demonstrated good linearity (R? close to 1), enabling the use of simple linear
calibration models. The application of these models resulted in a substantial improvement
in performance, reducing RMSE and MAE values below 20 umol/mol. The convergence of
these two indicators after calibration confirms that the dominant systematic component was
effectively removed, leaving mainly random variability. Bland—-Altman analysis showed
that all sensors fall within the limits of agreement with the reference instrument.

Uncertainty analysis revealed that the dominant contribution is due to reproducibility
between independent measurements performed in different measurement cycles. In many
cases, this component accounts for more than 85% of the total uncertainty budget. This
suggests that low-cost sensors’ primary limitation lies in their temporal stability and
sensitivity to varying environmental conditions rather than intrinsic noise.
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The accuracy achieved after calibration is sufficient for high-resolution spatial mapping
of COy, particularly in urban environments where relative concentration gradients are
often more informative than absolute values.

Future work will investigate long-term sensor stability under real operating conditions,
as well as the selectivity of different low-cost sensor types with respect to cross-sensitivity
to other gases and environmental interferents.

Overall, this work demonstrates that, when integrated into a rigorous metrological
framework, low-cost gas sensors can provide reliable and scalable tools for atmospheric
monitoring. The proposed calibration methodology provides a practical, reproducible basis
for characterizing low-cost sensors that target a broad range of atmospheric trace gases.

Supplementary Materials: The following supporting information can be downloaded at: https:
/ /www.mdpi.com/article/10.3390/s26123685/s1, Figure S1: Photo of the isolator designed at INRiM
(Montepaone, Italy); Figure S2: Comparison of CO2 data acquisition of the three low-cost sensors
and the reference instruments LI-corl and LI-cor2; Figure S3: Temperature and relative humidity
measured during the 10 min intervals of analysis; Figure S4: Comparison between the three readings
made by sen3 and the three readings made by the reference instrument LI-cor1 for all CO2 ranges
analyzed; Figure S5: Comparison of the average of the three readings made by the three low-cost
sensors and the reference instrument for all CO2 range analyzed; Figure S6: Percentage of influence
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RMSE  Root Mean Square Error

MAE Mean Absolute Error

INRiM  Istituto Nazionale di Ricerca Metrologica (IT)
PMMA  Poly(methyl methacrylate)

MEC Mass Flow Controller

SCCM  Standard cubic centimetres per minute
WTLS  Weighted Total Least Squares method
LoA Limits of Agreement

T Temperature

RH Relative Humidity

LR Linear Regression

References

1.

10.

11.

12.

13.

14.

15.

16.

17.

Boulton, R.; Nelson, J.; Knoesen, A. A Review of Sensors for the Monitoring, Modeling, and Control of Commercial Wine
Fermentations. Fermentation 2025, 11, 329. [CrossRef]

Hawchar, A.; Ould, S.; Bennett, N.S. Carbon Dioxide Monitoring inside an Australian Brewery Using an Internet-of-Things
Sensor Network. Sensors 2022, 22, 9752. [CrossRef]

Naik, A.S.; Reddy, S.K.; Raj, M.G. RTEPMS: Real-Time Environmental Parameters Monitoring System Using IoT-Based LoRa
868-MHz Wireless Communication Technology in Underground Mines. IEEE Access 2024, 12, 7430-7455. [CrossRef]

Chiesa, G.; Vigliotti, M. Comparing mechanical ventilation control strategies for indoor air quality: Monitoring and simulation
results of a school building in northern Italy. Energy Build. 2024, 322, 114665. [CrossRef]

Chenari, B.; Saadatian, S.; Gameiro da Silva, M. Experimental Assessment of Demand-Controlled Ventilation Strategies for Energy
Efficiency and Indoor Air Quality in Office Spaces. Air 2025, 3, 17. [CrossRef]

Olesen, B.W.; Bogatu, D.-I.; Kazanci, O.B.; Coakley, D. The Use of CO; as an Indicator for Indoor Air Quality and Control of
Ventilation According to EN16798-1 and TR16798-2. In Proceedings of the 15th Roomvent Virtual Conference, Virtual, 15 February
2020.

Marinov, M.B.; Ganev, B.T.; Nikolov, D.N. Indoor Air Quality Assessment Using Low-cost Commercial Off-the-Shelf Sensors.
In Proceedings of the 2021 6th International Symposium on Environment-Friendly Energies and Applications (EFEA), Sofia,
Bulgaria, 24-26 March 2021; pp. 1-+4.

Xie, Z.; Wang, Q.; Zhou, K;; Ma, L.; Wang, ].; Li, Y.; Chen, S.; Wei, W. Field Investigations on Subjective Perception, Physiological
Responses, and Cognitive Performance under Increasing CO, Concentration in an Underground Confined Space. Indoor Air 2024,
2024, 5781565. [CrossRef]

Cao, X,; Li, P; Zhang, J.; Pang, L. Associations of Human Cognitive Abilities with Elevated Carbon Dioxide Concentrations in an
Enclosed Chamber. Atmosphere 2022, 13, 891. [CrossRef]

The Effect of Indoor Environmental Quality on Occupants’ Perception of Performance: A Case Study of Refurbished Historic Build-
ings in Malaysia. Available online: https:/ /www.researchgate.net/publication/229205112_The_effect_of_indoor_environmental
quality_on_occupants’_perception_of_performance_A_case_study_of_refurbished_historic_buildings_in_Malaysia (accessed on
6 December 2024).

Zainal, M.Z.; Buyamin, N.; Saleh, M..S. Impact of Ventilation Setting on Carbon Dioxide (CO;) Accumulation in a Compact Car
Cabin Enviroment. . Kejuruter. Teknol. Sains Sos. (JKTSS) 2026, 12, 336-347.

Chang, T.-B.; Hsu, Y.-T.; Huang, J.-W. Optimal ventilation strategies for balancing carbon dioxide and suspended particulate
matter concentrations in vehicle cabins. Afmos. Environ. 2024, 334, 120697. [CrossRef]

Ekele, ].U.; Webster, R.; Perez de Heredia, F; Lane, K.E.; Fadel, A.; Symonds, R.C. Current impacts of elevated CO, on crop
nutritional quality: A review using wheat as a case study. Stress Biol. 2025, 5, 34. [CrossRef] [PubMed]

Shi, S.; Li, H.; Wang, X.; Wang, Z.; Xu, J.; He, X.; Yang, Z. Greater Biomass Production Under Elevated CO, Is Attributed to
Physiological Optimality, Trade-Offs in Nutrient Allocation, and Oxidative Defense in Drought-Stressed Mulberry. Antioxidants
2025, 14, 383.

Osman, M.; Qaryouti, M.; Alharbi, S.; Alghamdi, B.; Al-Soqeer, A.; Alharbi, A.; Almutairi, K.; Abdelaziz, M.E. Impact of CO,
Enrichment on Growth, Yield and Fruit Quality of F1 Hybrid Strawberry Grown Under Controlled Greenhouse Condition.
Horticulturae 2024, 10, 941.

Mamtimin, A.; Amar, G.; Wang, Y.; Peng, J.; Sayit, H.; Gao, J.; Zhang, K.; Song, M.; Aihaiti, A.; Wen, C.; et al. Assessment of CO,
fluxes in the hinterland of the Gurbantunggut Desert and its response to climate change. J. Environ. Manage 2025, 375, 124351.
[CrossRef]

Perez Rojas, Y.T. Measuring soil CO, emissions with air-quality sensors. Nat. Rev. Earth Environ. 2023, 4, 429. [CrossRef]

https://doi.org/10.3390/s26123685


https://doi.org/10.3390/fermentation11060329
https://doi.org/10.3390/s22249752
https://doi.org/10.1109/ACCESS.2024.3350429
https://doi.org/10.1016/j.enbuild.2024.114665
https://doi.org/10.3390/air3020017
https://doi.org/10.1155/2024/5781565
https://doi.org/10.3390/atmos13060891
https://www.researchgate.net/publication/229205112_The_effect_of_indoor_environmental_quality_on_occupants'_perception_of_performance_A_case_study_of_refurbished_historic_buildings_in_Malaysia
https://www.researchgate.net/publication/229205112_The_effect_of_indoor_environmental_quality_on_occupants'_perception_of_performance_A_case_study_of_refurbished_historic_buildings_in_Malaysia
https://doi.org/10.1016/j.atmosenv.2024.120697
https://doi.org/10.1007/s44154-025-00217-w
https://www.ncbi.nlm.nih.gov/pubmed/40338468
https://doi.org/10.1016/j.jenvman.2025.124351
https://doi.org/10.1038/s43017-023-00435-8
https://doi.org/10.3390/s26123685

Sensors 2026, 26, 3685 22 of 23

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.
44.

Vitali, G.; Arru, M.; Magnanini, E. A Scalable Device for Undisturbed Measurement of Water and CO, Fluxes through Natural
Surfaces. Sensors 2023, 23, 2647. [CrossRef] [PubMed]

Stagakis, S.; Feigenwinter, C.; Vogt, R.; Kalberer, M. A high-resolution monitoring approach of urban CO, fluxes. Part 1—bottom-
up model development. Sci. Total Environ. 2023, 858, 160216. [CrossRef]

Liu, Z.; Ciais, P.; Deng, Z.; Davis, S.J.; Zheng, B.; Wang, Y.; Cui, D.; Zhu, B.; Dou, X,; Ke, P; et al. Carbon Monitor: A near-real-time
daily dataset of global CO, emission from fossil fuel and cement production. Sci. Data 2020, 7, 392. [CrossRef]

Lin, Y,; Osman, N.A ; Tang, S.; Ahmad, M.N.; Sulaiman, R.; Zhang, Y.; Su, ]J. A sustainable industrial waste control with Al for
predicting CO, for climate change monitoring. J. Environ. Manag. 2025, 383, 125338. [CrossRef] [PubMed]

Hong, C.; Zhang, Q.; Zhang, Y.; Davis, S.; Tong, D.; Zheng, Y.; Liu, Z.; Guan, D.; He, K.; Schellnhuber, H. Impacts of climate
change on future air quality and human health in China. Proc. Natl. Acad. Sci. USA 2019, 116, 201812881. [CrossRef]

Kumar, S. A novel hybrid machine learning model for prediction of CO; using socio-economic and energy attributes for climate
change monitoring and mitigation policies. Ecol. Inform. 2023, 77,102253. [CrossRef]

Dubey, R.; Telles, A.; Nikkel, J.; Cao, C.; Gewirtzman, J.; Raymond, P.A.; Lee, X. Low-Cost CO, NDIR Sensors: Performance
Evaluation and Calibration Using Machine Learning Techniques. Sensors 2024, 24, 5675. [CrossRef]

Miiller, M.; Graf, P; Meyer, J.; Pentina, A.; Brunner, D.; Perez-Cruz, F.,; Hiiglin, C.; Emmenegger, L. Integration and calibration of
non-dispersive infrared (NDIR) CO, low-cost sensors and their operation in a sensor network covering Switzerland. Atmos. Meas.
Tech. 2020, 13, 3815-3834. [CrossRef]

Desouza, P.; Kahn, R.; Stockman, T.; Obermann, W.; Crawford, B.; Wang, A.; Crooks, J.; Li, J.; Kinney, P. Calibrating networks of
low-cost air quality sensors. Atmos. Meas. Tech. 2022, 15, 6309-6328. [CrossRef]

Cai, Q.; Zeng, N.; Yang, X,; Xu, C.; Wang, Z.; Han, P. A 30-month field evaluation of low-cost CO, sensors using a reference
instrument. Atmos. Meas. Tech. 2025, 18, 4871-4884. [CrossRef]

Spinelle, L.; Gerboles, M.; Villani, M.G.; Aleixandre, M.; Bonavitacola, F. Field calibration of a cluster of low-cost available sensors
for air quality monitoring. Part A: Ozone and nitrogen dioxide. Sens. Actuators B Chem. 2015, 215, 249-257. [CrossRef]

Yasuda, T.; Yonemura, S.; Tani, A. Comparison of the Characteristics of Small Commercial NDIR CO2 Sensor Models and
Development of a Portable CO, Measurement Device. Sensors 2012, 12, 3641-3655. [CrossRef]

Hayward, I.; Martin, N.A.; Ferracci, V.; Kazemimanesh, M.; Kumar, P. Low-Cost Air Quality Sensors: Biases, Corrections and
Challenges in Their Comparability. Atmosphere 2024, 15, 1523. [CrossRef]

Lee, J.-L.; Kim, D.-S. Segmented Two-Dimensional Progressive Polynomial Calibration Method for Nonlinear Sensors. Sensors
2024, 24, 7058. [CrossRef]

Yang, C.; Bohlin, G.; Oechtering, T. Environmental Variation or Instrumental Drift? A Probabilistic Approach to Gas Sensor Drift
Modeling and Evaluation. In Proceedings of the 2024 IEEE Sensors, Kobe, Japan, 20-23 October 2024; pp. 1-4.

Aratjo, T,; Silva, L.; Aguiar, A.; Moreira, A. Calibration Assessment of Low-Cost Carbon Dioxide Sensors Using the Extremely
Randomized Trees Algorithm. Sensors 2023, 23, 6153. [CrossRef]

Zimmerman, N.; Presto, A.; Kumar, S.; Gu, J.; Hauryliuk, A.; Robinson, E.; Robinson, A. A machine learning calibration model
using random forests to improve sensor performance for lower-cost air quality monitoring. Atmos. Meas. Tech. 2018, 11, 291-313.
[CrossRef]

Final_GAW_213. Available online: https://www.uncclearn.org/wp-content/uploads/library/gaw_213_en.pdf (accessed on
17 April 2026).

Gao, M.; Guo, J.; Yang, X.; Zhou, Y.; dos Santos Laranjeira, J.A.; Sambrano, ].R.; Zhang, W. From sensors to system-level integration:
Flexible WO3/MoS2 heterojunction NO2 gas sensor. Sens. Actuators B Chem. 2026, 451, 139328. [CrossRef]

Gao, M.; Zhang, W.; Guo, ].; Liu, L. Gas sensor based on two-dimensional GaSe for sensitive NO, detection. Sens. Actuators B
Chem. 2025, 444, 138447. [CrossRef]

Rolle, E; Pessana, E.; Sega, M. Metrological traceability of carbon dioxide measurements in atmosphere and seawater. J. Phys.
Conf. Ser. 2017, 841, 012032. [CrossRef]

LI-850 | Specifications. Available online: https://www.licor.com/support/LI-850/topics/specifications.html (accessed on
17 April 2025).

Sensirion, A.G. SCD30—CO, accuracy of £(30 ppm + 3% MV) @400-10000 ppm. Available online: https://sensirion.com/
products/catalog/SCD30 (accessed on 25 March 2026).

JeioTech manufacturer of Lab Companion. Available online: https://www.jeiotech.com/eng/product/product.php?ptype=
view&prdcode=1601110010&catcode=101100 (accessed on 15 April 2026).

ISO 6142-1:2015; Gas Analysis—Preparation of Calibration Gas Mixtures. Available online: https:/ /www.iso.org/standard /5963
1.html (accessed on 29 April 2026).

Burt, O.R. Curve Fitting to Step Functions. Am. J. Agric. Econ. 1964, 46, 662—672. [CrossRef]

Malengo, A.; Pennecchi, F. A weighted total least-squares algorithm for any fitting model with correlated variables. Metrologia
2013, 50, 654-662. [CrossRef]

https://doi.org/10.3390/s26123685


https://doi.org/10.3390/s23052647
https://www.ncbi.nlm.nih.gov/pubmed/36904852
https://doi.org/10.1016/j.scitotenv.2022.160216
https://doi.org/10.1038/s41597-020-00708-7
https://doi.org/10.1016/j.jenvman.2025.125338
https://www.ncbi.nlm.nih.gov/pubmed/40273781
https://doi.org/10.1073/pnas.1812881116
https://doi.org/10.1016/j.ecoinf.2023.102253
https://doi.org/10.3390/s24175675
https://doi.org/10.5194/amt-13-3815-2020
https://doi.org/10.5194/amt-15-6309-2022
https://doi.org/10.5194/amt-18-4871-2025
https://doi.org/10.1016/j.snb.2015.03.031
https://doi.org/10.3390/s120303641
https://doi.org/10.3390/atmos15121523
https://doi.org/10.3390/s24217058
https://doi.org/10.3390/s23136153
https://doi.org/10.5194/amt-11-291-2018
https://www.uncclearn.org/wp-content/uploads/library/gaw_213_en.pdf
https://doi.org/10.1016/j.snb.2025.139328
https://doi.org/10.1016/j.snb.2025.138447
https://doi.org/10.1088/1742-6596/841/1/012032
https://www.licor.com/support/LI-850/topics/specifications.html
https://sensirion.com/products/catalog/SCD30
https://sensirion.com/products/catalog/SCD30
https://www.jeiotech.com/eng/product/product.php?ptype=view&prdcode=1601110010&catcode=101100
https://www.jeiotech.com/eng/product/product.php?ptype=view&prdcode=1601110010&catcode=101100
https://www.iso.org/standard/59631.html
https://www.iso.org/standard/59631.html
https://doi.org/10.2307/1236450
https://doi.org/10.1088/0026-1394/50/6/654
https://doi.org/10.3390/s26123685

Sensors 2026, 26, 3685 23 of 23

45.

46.

47.
48.

49.

50.

51.

52.

BIPM; IEC; IFCC; ILAC; ISO; IUPAC; IUPAP; OIML. Evaluation of Measurement Data—Guide to the Expression of Uncertainty
in Measurement. Jt. Comm. Guid. Metrol. JCGM 100, 2008. Available online: https:/ /www.bipm.org/documents/20126/2071204/
JCGM_100_2008_E.pdf (accessed on 28 April 2026).

CCC Software | INRIM. Available online: https://www.inrim.it/it/servizi/software-e-database/ccc-software (accessed on
18 May 2026).

Giavarina, D. Understanding Bland Altman analysis. Biochem. Medica 2015, 25, 141-151. [CrossRef]

Determination Coefficient—An Overview | ScienceDirect Topics. Available online: https://www.sciencedirect.com/topics/
mathematics/determination-coefficient (accessed on 20 May 2026).

Martin, C.R.; Zeng, N.; Karion, A.; Dickerson, R.R.; Ren, X.; Turpie, B.N.; Weber, K.J. Evaluation and environmental correction of
ambient CO, measurements from a low-cost NDIR sensor. Atmos. Meas. Tech. 2017, 10, 2383-2395. [CrossRef]

Trends in CO,—NOAA Global Monitoring Laboratory. Available online: https://gml.noaa.gov/ccgg/trends/weekly.html
(accessed on 16 April 2026).

Biagi, R.; Ferrari, M.; Venturi, S.; Sacco, M.; Montegrossi, G.; Tassi, F. Development and machine learning-based calibration of
low-cost multiparametric stations for the measurement of CO, and CHy in air. Heliyon 2024, 10, €29772. [CrossRef]

Nalakurthi, N.V.S.R.; Abimbola, I.; Ahmed, T.; Anton, I; Riaz, K.; Ibrahim, Q.; Banerjee, A.; Tiwari, A.; Gharbia, S. Challenges and
Opportunities in Calibrating Low-Cost Environmental Sensors. Sensors 2024, 24, 3650. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual

author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to

people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.3390/s26123685


https://www.bipm.org/documents/20126/2071204/JCGM_100_2008_E.pdf
https://www.bipm.org/documents/20126/2071204/JCGM_100_2008_E.pdf
https://www.inrim.it/it/servizi/software-e-database/ccc-software
https://doi.org/10.11613/BM.2015.015
https://www.sciencedirect.com/topics/mathematics/determination-coefficient
https://www.sciencedirect.com/topics/mathematics/determination-coefficient
https://doi.org/10.5194/amt-10-2383-2017
https://gml.noaa.gov/ccgg/trends/weekly.html
https://doi.org/10.1016/j.heliyon.2024.e29772
https://doi.org/10.3390/s24113650
https://doi.org/10.3390/s26123685

	Introduction 
	Materials and Methods 
	Experimental Set-Up 
	Calibration Methods 
	Low-Cost Sensors Correction and Associated Uncertainty 
	Weighted Total Least Squares (WTLS) Regression 

	Statistical Analysis and Performance Metrics 
	Root Mean Square Error (RMSE) 
	Mean Absolute Error (MAE) 
	Bland–Altman Analysis 
	Coefficient of Determination (R2) 
	Normalized Chi-Square Statistic 


	Results 
	Uncertainty of the Correction 
	Statistical Performance Metrics 
	Application of Regression Analysis 

	Discussion 
	Conclusions 
	References

