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H I G H L I G H T S G R A P H I C A L  A B S T R A C T

• Conducted a 6-month study in Berlin 
using LCS, CAPS, and chem
iluminescence monitors.

• Evaluated sensor performance at vary
ing temporal resolutions (10 s to 6 h).

• LCS perform best at coarse resolutions 
but struggle at fine resolutions.

• CAPS-calibrated sensors outperform 
chemiluminescence-calibrated ones.

• Performance deteriorates during day
time and in high NO, NO2, and O3 
conditions.

A R T I C L E  I N F O

Editor: Pavlos Kassomenos

A B S T R A C T

Air pollution remains a critical global health challenge, with nitrogen dioxide (NO₂) playing a significant role in 
adverse health outcomes. Low-cost sensors (LCS) offer promising opportunities for accessible and high-resolution 
air quality monitoring but face scrutiny over their accuracy and reliability. This study evaluates the performance 
of electrochemical LCS for NO₂ measurement in comparison to high-precision reference instruments—cavity 
attenuated phase shift (CAPS) and chemiluminescence NO₂ monitors—at eleven temporal resolutions (between 
10-s and 6-h). Using three EarthSense Zephyrs containing electrochemical sensors, data were collected over six 
months at an urban-traffic air quality monitoring site in Berlin. Sensor performance was assessed based on 
statistical metrics, including R2, relative error, and mean bias error (MBE). Results revealed that LCS exhibit good 
agreement with reference instruments at coarse time resolutions (≥1-h averages, R2 > 0.8), but accuracy di
minishes significantly at higher resolutions (<1-min, R2 

< 0.5). Overall, LCS perform better when trained against 
CAPS monitors than against chemiluminescence monitors. This performance is largely influenced by chemistry 
and emissions, with poorer performance during the daytime than at night, a pattern which is exacerbated at high 
time resolutions. CAPS-calibrated predictive models outperform those calibrated against chemiluminescence 
monitors in capturing short-term concentration peaks. These findings suggest that while LCS are suitable for 
coarse-resolution measurements of NO2, their limitations in high temporal resolution dynamic environments 
pose significant challenges for their use in exposure studies and mobile measurements. Recommendations for 
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improved LCS deployment include careful calibration, strategic experimental design, and focused application on 
lower time-resolution monitoring.

1. Introduction

Air pollution has become a pressing global health issue, with severe 
consequences for human well-being (West et al., 2016). The World 
Health Organization (WHO) estimates that air pollution was responsible 
for over 8 million premature deaths in 2021, with the majority occurring 
in low- and middle-income countries (Health Effects Institute, 2024). In 
Europe, air pollution is the leading environmental health risk, causing 
approximately 400,000 premature deaths in 2020 (EEA, 2022). Pollut
ants such as fine particulate matter (PM2.5), nitrogen dioxide (NO₂), and 
ground-level ozone (O₃) contribute to a wide range of health issues, 
including respiratory and cardiovascular diseases, lung cancer, and 
adverse birth outcomes (Howse et al., 2021). Vulnerable populations, 
such as children, the elderly, and those with pre-existing conditions, are 
particularly at risk (Huang et al., 2023; Sharma et al., 2024).

In light of these significant health impacts, it is crucial to better 
understand the levels and patterns of human exposure to air pollution 
(Canha et al., 2021). Exposure studies aim to assess how individuals or 
populations come into contact with air pollutants in their everyday 
environments, such as their homes, places of work, or during travel (da 
Schio, 2020; Dias and Tchepel, 2018). These studies help to quantify the 
amount and duration of pollutant exposure, providing insights into how 
air pollution contributes to adverse health effects. By focusing on 
different exposure sources, such as ambient outdoor air, indoor air, or 
occupational environments, exposure studies can identify key risk fac
tors and inform policies to reduce pollution-related health risks.

Exposure studies involve various methodologies, including moni
toring air pollution levels in different environments and applying 
models to estimate exposure based on geographic and time series of 
pollutant concentrations. These approaches help researchers link 
ambient concentrations of pollutants to human exposure and ultimately 
to risk estimation (Anenberg et al., 2016). The findings have been 
crucial for designing effective interventions, refining air quality stan
dards, and developing public health strategies that aim to mitigate the 
health burdens associated with air pollution, e.g., in the process of 
updating the WHO air quality guidelines (WHO, 2021).

The advent of low-cost sensors (LCS) has revolutionized air quality 
monitoring by making it more accessible and affordable (Peltier, 2020; 
WMO, 2018). Traditionally, air pollution data has been gathered using 
expensive, stationary monitoring stations that are sparsely distributed, 
often leaving large geographic areas and vulnerable populations without 
sufficient coverage. In many low-income countries or remote regions, 
the deployment of these conventional systems is financially and logis
tically prohibitive, limiting the understanding of air pollution levels in 
critical areas. LCS technology, however, offers a practical and cost- 
effective option, allowing air quality measurements to be conducted in 
places that previously lacked monitoring infrastructure (Morawska 
et al., 2018).

Low-cost sensors are compact, portable devices capable of measuring 
key air pollutants. Their affordability and ease of deployment have 
opened up new possibilities for air quality studies in dynamic and un
derrepresented contexts, e.g., in low- and middle-income countries. For 
instance, LCS can 1) be installed in dense networks across urban areas to 
help capture spatiotemporal variations and the identification of emis
sion hotspots or characterize microenvironments (Kim Oanh et al., 
2024; Kumar et al., 2015), 2) be deployed in rural or industrial regions 
with little prior data, and 3) provide a more detailed and nuanced un
derstanding of air quality variability, both spatially and temporally 
(Islam et al., 2024; Lung et al., 2024).

The use of LCS in citizen science and community-based monitoring 
initiatives has further democratized air quality monitoring, enabling 

local stakeholders to engage directly with environmental health issues 
(English et al., 2020; Masri et al., 2022; Raheja et al., 2022). By gener
ating high-resolution, localized data, LCS have the potential to com
plement traditional monitoring systems and offer valuable insights for 
policymakers and researchers seeking to address air pollution’s complex 
and uneven distribution (WMO, 2024). Despite challenges with data 
accuracy and sensor calibration (Karagulian et al., 2019; Williams et al., 
2019), LCS may be relevant in expanding global air quality monitoring 
capabilities and informing public health interventions.

Highly resolved data in space and time are critical for exposure 
studies to capture the detail of the levels to which the agents, who move 
and are exposed to air pollution of varying origins and concentrations, 
are subject (Canha et al., 2021). Such resolution can benefit the quan
tification of the different endpoints and eventually inform policy (Park 
and Kwan, 2017; Xie et al., 2017). For instance, a person on a sidewalk 
may be subject to a very high, very short peak in NO2 concentration due 
to a passing heavy-duty vehicle. Short peaks are irrelevant for regulatory 
purposes but important for calculating exposure: with higher time res
olution, the time during which communities or individuals are exposed 
to high concentrations can be more precisely estimated. By their nature, 
LCS, and LCS networks, have the potential to deliver data with the 
spatial and temporal detail to resolve such peaks. However, the available 
body of knowledge on the LCS performance in delivering high tempo
rally resolved data is scarce.

In the present study, we address the research question whether 
calibrated LCS are suitable for delivering accurate concentrations at the 
high time resolution needed for exposure studies. In particular, we assess 
the performance of an electro-chemical sensor against high-end cavity 
attenuated phase shift (CAPS) and chemiluminescence NO2 instruments 
as a function of averaging time. In addition, we also examine perfor
mance in the context of NO and O3 concentrations to understand the 
impact of chemistry and emissions on performance.

2. Methodology

2.1. Monitoring site

The instruments used in the present study were deployed at the 
Hardenbergplatz station (station European code: DEBE067 or locally 
MC115 – https://luftdaten.berlin.de) in Berlin. The station is part of the 
Berlin Air Quality monitoring network (BLUME) and located in a high 
traffic area, with an important bus and rail interchange in the direct 
vicinity of the sampling point. The data analyzed was collected from 
19th May 2023 until 11th November 2023. Historical NO2 values by 
season can be seen in Table 1.

The Chemiluminescence and CAPS instruments were connected to 
the same sampling line with roughly the same length of sampling line 
(3–4 m) between outdoor air and instrument. The sensor systems con
taining LCS were placed on the roof of the station, less than one meter 
away from the combined inlet that passed air to the reference in
struments. These sensor systems do not have sampling lines but instead 
have ventilators to draw in new and expel old parcels of air every 10 s. 
Based on calculations using the sampling line length and pump flow rate 
of the air flowing to the reference instruments, we determined that 
residence time of air in the sampling line was negligible at 10-s time 
resolution.

2.2. Electrochemical NO2 sensor

Electrochemical sensors are commonly used in low-cost setups to 
measure NO₂. As NO₂ interacts with the sensor, it reacts with the 
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working electrode embedded in an electrolyte solution, producing an 
electrical current proportional to the gas concentration. This simple 
mechanism allows electrochemical sensors to be compact, portable, and 
energy-efficient. In this study, EarthSense Zephyr© sensor systems were 
used, which are fitted with Alphasense EC sensors for the measurement 
of NO2, NO, and O3. The raw voltage output by these electrochemical 
cells was calibrated following the 7-step methodology (Schmitz et al., 
2021). This field-calibration methodology improves both individual 
performance and sensor intercomparison, which is key given that LCS 
are known for their differing sensitivities and lifetimes (Borrego et al., 
2018; Karagulian et al., 2019; Malings et al., 2019). With this approach 
the sensors are optimized for field performance with their current 
sensitivity, regardless of age, which allows for better comparison be
tween devices.

To assess impacts of known LCS cross-sensitivity to other pollutants 
when measuring NO2, an analysis of performance against various 
reference NO and O3 concentrations was made, as these data were 
available. This could not be done for other VOCs, however, as these were 
not measured at the site, and is therefore a limitation of the study. LCS 
are known to have a response time of up to a minute to rapidly changing 
concentrations (Papaconstantinou et al., 2023) and are sensitive to 
temperature and relative humidity.

In this study, the full 6-month dataset was used to both train and test 
the calibration model. This choice was part of the experimental design 
and sought to ensure maximum possible accuracy of the linear regres
sion model for this specific dataset. These are idealized conditions and 
are not intended to be generalized to other datasets, but rather to isolate 
impacts of time-resolution and reference instrument on LCS 
performance.

In the 7-step methodology, which was used in this study (Schmitz 
et al., 2021), the distributions of the reference (chemiluminescence and 
CAPS) and Zephyr data are first visually compared to gain insight 
whether the distributions had similar shapes and ranges. Second, point 
outliers are determined using a self-developed outlier detection function 
based on a z-score threshold and a running window. In the third step, 
data points outside of the bounds of the calibration set are flagged. In the 
fourth step, models using the output voltages and operating conditions 
(internal relative humidity and temperature of the Zephyr) as inde
pendent variables and the reference concentrations as dependent vari
able are developed. The model selection was based on four performance 
metrics: squared correlation coefficient (R2), root mean square error 
(RMSE), mean average error (MAE) and Akaike information criterion 
(AIC). The selected model is validated in a fifth step by repeatedly 
splitting the dataset into 70/30 % training/test subsets in a continuous 
cross-validation. Final validated multiple linear regression models 
included raw data from all three EC sensors, reflecting the relative 
chemical importance of all three pollutants to urban NO2 concentra
tions. This also mitigates known sensitivity of the NO2 EC sensor to O3 
concentrations, as these are accounted for by another EC sensor. Aver
ages of the error metrics calculated on each subset are then used to 
evaluate model performance and used in uncertainty calculation. The 
computation of the calibrated concentrations and their respective un
certainty constitute the sixth and seventh steps.

2.3. Chemiluminescence NO2 monitor

Chemiluminescence is a widely used technique for measuring ni
trogen oxides (NOₓ) developed in the mid-20th century (Hodgeson, 
1974). It relies on the chemiluminescent reaction of nitric oxide (NO) 
with ozone (O₃) to produce light in direct proportion to the NO con
centration, which is then quantified by a photodetector. Since NO₂ itself 
does not directly produce chemiluminescence, it must first be converted 
to NO. This two-step approach allows for the detection of both NO and 
NO₂ by sequentially measuring NO alone and then NO + NO₂, with NO₂ 
derived by subtraction. The NO₂ to NO reduction is conducted at high 
temperatures at the surface of a molybdenum catalyst. The process can 
introduce interferences from other nitrogen-containing compounds, like 
nitrates or ammonia, which may also convert to NO on the catalyst 
surface. This can lead to overestimations of NO₂ levels (Dunlea et al., 
2007; Matthews et al., 2002). The thermal catalytic conversion relies on 
diffusion and surface reactions at elevated temperatures and introduces 
a slight delay in response time. As an alternative, a photolytic ultraviolet 
convertor can be used.

The instrument used at the Hardenbergplatz station, part of the 
Berlin Air Quality Monitoring network (BLUME) instrumentation, is a 
HORIBA APNA-370 NOx Monitor which measures NO2 concentrations 
in ambient air in accordance with the DIN EN 14211 norm (DIN, 2012). 
The instrument has a precision of <1 % and a limit of detection of 0.5 
ppbv (3 δ). For this experiment the lowest available time resolution of 
the data was 5 min.

2.4. Cavity attenuated phase shift (CAPS) NO2 monitor

The CAPS technique emerged around the early 2010s as an innova
tive approach for achieving high-precision, real-time monitoring of NO₂. 
CAPS monitors were designed to address limitations in existing NO₂ 
monitoring methods, such as chemiluminescence, which often rely on 
indirect methods and are sensitive to cross-interference. The CAPS in
strument directly measures the light absorbed by NO₂ in a portion of the 
blue region of the spectrum (450 nm) which, complemented by the 
small, optically stable cavity and with the use of phase-shift detection, 
offers high selectivity.

The CAPS instrument used (Aerodyne Research CAPS NO2 Monitor) 
was factory calibrated at the end of 2022 and is capable of measuring 
NO₂ concentrations with a precision <0.5 ppbv (2σ) and a limit of 
detection <1 ppbv. The time resolution was set to 1 s, suitable for 
capturing dynamic changes, such as those found in urban traffic 
environments.

2.5. Data analysis

The agreement between the instruments was investigated by inter
preting the following metrics: R2, MAE, the relative error and MBE. The 
squared correlation coefficient, R2, quantifies the degree of linear as
sociation between the measurements from two instruments. The MAE 
represents the average absolute difference between the experimental 
and reference measurements, computed by averaging the pairwise ab
solute errors across all data points. The relative error, expressed here as 
a percentage, is derived by normalizing the absolute errors (by the 
electrochemical cell, after calibration) relative to the reference 

Table 1 
Historical NO2 values by season at the Hardenbergplatz measurement site. Concentrations were measured by the same Chemiluminescence instrument used in this 
study.

NO2 2015 2016 2017 2018 2019 2020 2021 2022 2023

Winter 49.7 47.9 47.3 42.6 38.7 29.2 25.8 20.0 21.7
Spring 51.9 51.3 45.9 45.9 30.5 22.4 20.5 19.7 18.0

Summer 54.6 51.5 43.5 37.9 31.5 23.6 18.8 15.9 15.3
Autumn 54.5 53.5 42.3 47.3 34.3 27.4 25.4 22.7 20.5
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measurements (CAPS or chemiluminescence), offering insight into error 
size relative to measurement magnitude. The MBE measures the average 
bias in the experimental instrument’s readings by averaging the differ
ences, with signal, between the experimental and reference values; this 
metric indicates whether the experimental instrument tends to over- or 
underestimate compared to the reference.

In interpreting these metrics, each offers different insights into the 
LCS performance. An R2 value closer to 1 indicates a strong linear 
relationship and suggests the LCS closely follows the reference in
strument’s trends. A lower MAE implies that, on average, the experi
mental readings deviate minimally from the reference values, indicating 
accuracy in individual readings. The relative error gives a sense of error 
proportionate to the measured values, where lower percentages indicate 
better performance, particularly important when measurements span a 
wide range of values. The MBE provides information on systematic bias: 
whether the LCS tends to overestimate or underestimate. Together, these 
metrics allow for a comprehensive assessment of the LCS performance.

3. Results

3.1. CAPS vs. Chemiluminescence comparison

The CAPS and the Chemiluminescence operate under very different 
measurement principles. As such, we compared their performance 
against each other across the entire measurement campaign. The highest 
possible time-resolution for comparison was 5-min, though the CAPS 
was operated at 1-s resolution so it required averaging. As can be seen in 
Fig. 1, their agreement varies substantially according to the averaging 
period considered. At 5-min resolution (Fig. 1a), the R2 is low for 
reference instrument standards (< 0.8), with a high MAE (> 4 μg/m3). 
The majority of this disagreement arises during short-term (< 10s) peaks 
in NO2 concentrations, as evidenced by the standard deviation (SD) of 
averaged 1-s CAPS data. The greater the SD of the CAPS data (indicating 
high peak values), the greater the disagreement with the chem
iluminescence. When the averaging period is increased to 1-h resolution 
(Fig. 1b), the agreement improves considerably (R2 = 0.99; MAE = 1.15 
μg/m3). Though there is substantial disagreement between the in
struments at high time-resolution peak concentrations, much of this is 
averaged out when considering coarser time-resolution. As such, bias 
between the instruments is not the source of the disagreement and both 
instruments capture similar base concentrations of NO2.

Closer performance comparisons of the agreement between the two 
instruments were done and can be seen in Fig. 2. At 5-min resolution, 
differences in agreement are seen at different times of the day and in 
different months. When considering the time of day, R2 decreases and 

relative error increases between 06:00 and 20:00. At its peak at noon, 
the R2 is half of what it is in stable night-time concentrations and the 
relative error is roughly double. Regardless of the time of day, the MBE 
(calculated by subtracting the CAPS concentrations from those of the 
Chemiluminescence) is negative, indicating that the Chem
iluminescence instrument measures less NO2 than the CAPS, regardless 
of the time of day. MBE does not appear to peak alongside R2 and 
relative error at noon. No notable differences in performance exist be
tween the various days of the week. The R2 improves in autumn months 
compared to the summer and relative error decreases accordingly.

At 1-h resolution, all of these trends are no longer seen. Agreement is 
very high (R2 > 0.95) regardless of the time of day, the weekday, or the 
month. The relative error is also much lower (< 10 %) than at 5-min 
resolution and appears to decrease slightly from May to October. The 
MBE is relatively unchanged at 1-h resolution compared to 5-min res
olution, with the Chemiluminescence tending to measure minimally 
lower concentrations (~ − 0.8 μg/m3) than the CAPS.

3.2. Zephyrs compared against the CAPS and Chemiluminescence 
instruments

The comparison of the Zephyrs to the CAPS and Chemiluminescence 
instruments yield varying results across different time-resolutions. As 
can be seen in Fig. 3, as the averaging time increases from high (10-s) to 
low (6-h) resolution, the performance increases substantially. This trend 
is seen across all three Zephyrs used in the study, though with slightly 
different magnitudes. At 10-s resolution, the R2 is between 0.38 and 
0.51, and the relative error is between 47 and 59 %. This performance 
increases steadily as the time resolution decreases to R2 > 0.8 and 
relative error < 20 % at 6-h resolution, though the slope decreases 
steadily after 300 s (5-min resolution). As the time-resolution decreases, 
so too do the performance differences between the Zephyrs, though 
these are not large at any time-resolution.

A notable difference in performance is seen at 5-min resolution when 
the Zephyrs are trained with CAPS data (R2 = 0.67–0.78; relative error 
= 27–36 %) versus when trained with Chemiluminescence (R2 =

0.52–0.63; relative error = 39–49 %) data. The Zephyrs are more ac
curate at lower time resolutions (〈1− h) when trained with the CAPS 
than with the Chemiluminescence instrument, though at the 6-h time- 
resolution, this difference is marginal (CAPS: R2 = 0.81–0.87; Chem
iluminescence: R2 = 0.79–0.86).

The MBE is in both instruments and for all Zephyrs very close to 0. 
This is likely due to the calibration approach taken in this paper, where 
all available data were used both as the training and test sets. As such, 
the error is distributed around 0 and averages out to either 0 or very 

Fig. 1. Scatter plots of the performance comparison between the CAPS and Chemiluminescence instruments at a) 5-min and b) 1-h time resolutions using data from 
the entire campaign. The line of best-fit, the R2, and mean average error (MAE) of the relationship are presented. At 5-min time resolution, points are colored by the 
standard deviation of the original resolution CAPS concentrations (1-s) and lines of best-fit are drawn accordingly for comparison to the 1:1 line (in black).
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close to it.
As with the comparison between the two reference instruments, a 

closer look was taken at the performance comparison between the 
Zephyrs and each of the reference instruments. In Figs. 4 and 5, the 
Zephyrs were compared to the CAPS and Chemiluminescence in
struments, respectively, using the same three metrics, but broken down 
by time of day and day of the week. Several key trends are visible in 
these comparisons. When compared against either reference instrument, 
a diurnal pattern of Zephyr performance emerges (Fig. 4a-c and Fig. 5a- 
c). At night-time (22:00–04:00), the agreement (R2) is good, while there 
is a small peak in relative error between 00:00 and 04:00 and a tendency 
towards overprediction (positive MBE). During the day, however, 
starting around 08:00 and ending around 15:00, R2 steadily decreases 
and relative error increases, with a tendency towards underprediction 
(negative MBE). From 15:00 until 22:00, the performance then contin
uously increases until the nighttime stable period, with a shift back to
wards overprediction. Differences in hourly concentrations are not 
attributable to differences across weekdays and weekends. This trend is 
evident in all three Zephyrs. When compared to the CAPS instrument, 
the trend is visible at all time-resolutions higher than 5-min averages, 
after which the trend is reduced or negligible. In general, the relative 
change in the statistics is greater for the highest time resolutions and 
smallest for the lowest time resolution. For comparisons with the 
Chemiluminescence instrument, the trend is notable up until 20-min 
averages. This is further evidence that the poorer performance of the 
Zephyr against the Chemiluminescence (as compared to the CAPS) is 
resultant from the failure of the Chemiluminescence instrument to 

capture short-term peak concentrations.
When looking at performance metrics subset by days of the week 

(Fig. 4d-f and Fig. 5d-f), another trend emerges. On weekdays (Mo–Th), 
general agreement (R2) is lower than on Fridays and weekends (Sa-Su), 
whereas the relative error is higher on weekends. There is a tendency 
towards underprediction on weekdays and overprediction on weekends. 
Performance increases substantially between the highest and lowest 
time-resolutions, but for the CAPS these stepwise increases are marginal 
for lower time-resolutions after 5-min averages. For the Chem
iluminescence, performance increases more marginally at time- 
resolutions lower than 20-min averages.

To understand potential effects of chemistry and emissions on 
Zephyr performance versus each reference instrument, the metrics were 
broken down by concentration bins of NO and O3 (Figs. 6–9 (MBE), and 
Figs. S1-S8 (R2 and relative error)). The highest possible time-resolution 
for the NO and O3 reference data was 5-min data, so higher time- 
resolutions available with the CAPS were not considered. Zephyr per
formance against the CAPS is best at mid-range concentrations of NO2 
(10–40 μg/m3) and low O3 concentrations (0–50 μg/m3), as defined by 
R2 (Fig. S2), relative error (Fig. S1), and MBE (Fig. 6). The highest 
relative error occurs at low NO2 concentrations (0–5 μg/m3) and high O3 
concentrations (>100 μg/m3). For mid-range concentrations (the ma
jority of the measurements of NO2 and O3), the Zephyrs tend to slightly 
overpredict NO2 (positive MBE). At high concentrations of NO2 (>60 
μg/m3) and high O3 concentrations (>150 μg/m3), the Zephyrs tend to 
underpredict NO2 (negative MBE). When compared against the Chem
iluminescence instrument (Fig. 8, Fig. S3 and S4), the trends are the 

Fig. 2. Performance comparisons of the CAPS and Chemiluminescence instruments using various metrics (R2, relative error, and MBE) by a) hour of the day, b) 
weekday, and c) month using 5-min and 1-h resolution data from the entire campaign.
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same, except that at low NO2 the relative error is even higher and the R2 

is poorer at time resolutions above 20 min. In general, as time resolution 
decreases these trends subside, with R2 increasing, relative error 
decreasing, and underprediction at high NO2 and high O3 concentrations 
subsiding.

When Zephyr performance is compared against increments of NO 
concentrations, the trends are different. Performance against the CAPS is 
best at medium concentrations of both NO2 and NO (10–50 μg/m3), as 
defined by R2 (Fig. S6), relative error (Fig. S5), and MBE (Fig. 7), 
Relative error is highest at low NO2 and NO concentrations (0–5 μg/m3). 
The tendency is towards overprediction at most concentrations, which 
becomes more extreme at high NO concentrations (> 50 μg/m3), except 
at high NO2, where the tendency is to underpredict. These trends are 
similar when compared against the Chemiluminescence instrument, 
with poorer performance (relative error higher and R2 lower) at low NO2 
and NO concentrations (0–10 μg/m3). When compared to the CAPS, 
there is little difference in Zephyr performance across different time- 
resolutions, whereas there are notable differences between 5-min and 
20-min averaging times when compared against the Chemiluminescence 
instrument.

4. Discussion

4.1. LCS performance at different time-resolutions

Our study is one of the first to comprehensively assess the perfor
mance of LCS at different time-resolutions. Our results show that as 
time-resolution decreases, the LCS performance increases. Given the 
similarity in sensor technology within different LCS systems, this is 
likely the case for any LCS with electrochemical sensors for NO2. This 
suggests that LCS are well-suited for measuring ambient air pollution at 
lower time-resolutions, e.g., 1-h averaging intervals or coarser. Good 
performance at low time-resolution appears to be unaffected by the 
measurement principle (e.g., CAPS or Chemiluminescence) of the 
reference instrument used calibrate the LCS.

At medium time-resolution (e.g., 5-min intervals), however, there 
are notable differences in LCS performance when calibrated with the 
CAPS or the Chemiluminescence instruments. This appears to be due to 
the inability of the Chemiluminescence instrument to pick up high time- 
resolution peak NO2 concentrations. As the SD of the averaged original 
resolution CAPS data increase, the worse the comparison is to the 
Chemiluminescence instrument, indicating that the Chemiluminescence 
fails to accurately capture peak concentrations. This translates to LCS 
performance, as at 5-min intervals, the LCS perform better against the 

Fig. 3. a) R2, b) relative error, and c) MBE of calibrated NO2 concentrations of all three Zephyrs vs. NO2 concentrations from each reference instrument across the 
entire campaign. The metrics were calculated at eleven different averaging times from ten seconds to six hours.
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Fig. 4. Performance metrics of the three Zephyrs vs. the CAPS reference instrument by (a-c) hour of the day and (d-f) weekday across the entire campaign.

Fig. 5. Performance metrics of the three Zephyrs vs. the Chemiluminescence reference instrument by a-c) hour of the day and d-f) weekday across the 
entire campaign.
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Fig. 6. MBE of the three Zephyrs vs. the CAPS reference instrument by increments of NO2 and O3 concentrations across the entire campaign. The highest available 
time resolution is 5-min data, as reference NO2 and O3 data was only available at that resolution.

Fig. 7. MBE of the three Zephyrs vs. the CAPS reference instrument by increments of NO2 and NO concentrations across the entire campaign.
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CAPS than the Chemiluminescence instrument (see Section 3.2 and 
Fig. 3). We take this as evidence that the LCS are able to capture at least 
some of the peak concentrations more than the Chemiluminescence 
does, which is why there is a substantial performance gap at 5-min 

averages. The CAPS, however, does capture these high time-resolution 
peak concentrations, so the comparison with the LCS is then improved.

However, at even higher time-resolution (e.g., 10− /20-s intervals), 
when compared against the CAPS, LCS performance is generally poor 

Fig. 8. MBE of the three Zephyrs vs. the Chemiluminescence reference instrument by increments of NO2 and O3 concentrations across the entire campaign.

Fig. 9. MBE of the three Zephyrs vs. the Chemiluminescence reference instrument by increments of NO2 and NO concentrations across the entire campaign.
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(Fig. 3, R2 < 0.5, relative error > 50 %). This is driven mostly by poor 
performance during the daytime (Fig. 3), which is related to high NO2, 
O3, and NO concentrations (Figs. 6–7). Given that during more stable 
nighttime conditions LCS performance is very similar between high and 
low time-resolutions, we believe the fundamental driver of poor per
formance to be the physical limitations of the electrochemical sensors 
themselves, such as the known slow sensor recovery time following re
action (Mirsky, 2020). In dynamic environments, where for example, 
daytime chemistry or proximity to emissions sources (e.g., diesel vehi
cles) causes NO2 concentrations to rapidly change, the electrochemical 
sensors likely do not respond quickly enough. Hence, the LCS capture 
some of these peaks, but not all of them, and typically underpredict their 
intensity, especially in high O3 and NO environments because of 
competition among the oxidizing species.

4.2. Implications for exposure studies

LCS have become a popularly cited solution for improving mea
surements used in exposure studies, largely due to their lower cost and 
size, allowing them to measure in a variety of mobile and stationary 
positions. However, the results of our experiment presented in this study 
lead us to conclude that electrochemical sensors are not implicitly 
appropriate for use in exposure studies for the measurement of NO2. 
They may yet have potential in such research, but there are key limi
tations to these technologies that must be properly considered.

First, as we have shown, electrochemical sensors are not good at 
capturing short-term peak NO2 concentrations, but can be better when 
trained against a CAPS monitor. It is these peak concentrations in 
particular that are important to capture to measure real-world exposure 
to NO2, as they have been postulated to account for the majority of the 
health effects (Gulliver and Briggs, 2004). In a variety of real-world 
situations (e.g., sitting in traffic, cycling alongside vehicles, walking 
on the sidewalk near a busy street), individuals are repeatedly exposed 
to elevated levels of NO2. To properly quantify exposure to NO2 pollu
tion, LCS must be able to capture short-term peak concentrations, which 
we have shown they do not do well. If LCS are to be used in exposure 
studies, this limitation must be properly considered and mitigated 
through e.g., calibration against a CAPS monitor.

Second, exposure studies typically use LCS by providing them to 
individuals (pedestrians, cyclists, car-drivers, etc.) (Lin et al., 2017; 
Yixuan et al., 2021) and encouraging them to wear or hold them during 
their daily routines. While this approach seeks to understand direct 
exposures during each daily activity, it fails to consider the key limita
tions of the LCS, namely: 1) they do not respond quickly enough to rapid 
concentration changes, as this study has shown, 2) they typically do not 
have controlled air flow, and 3) they are susceptible to unknown levels 
of turbulence at the inlet. By adding another uncontrollable factor to this 
(movement of the device itself), it becomes even more challenging for 
peak concentrations to be properly captured. Further research should 
design experiments that explicitly test the response time of LCS in 
rapidly changing environments.

Last, if LCS are to be used in exposure studies, they need to be cali
brated against a CAPS rather than a Chemiluminescence instrument. The 
CAPS has an appropriate time-resolution (1-s) and measurement prin
ciple (direct absorption) for capturing short-term peak NO2 events. As 
such, it will capture the peak concentrations vital for exposure studies, 
thereby providing a more representative training dataset for calibrating 
the LCS.

4.3. Recommendations for measurements with LCS

In the context of this study, there are several recommendations that 
arise for use of LCS. 

1) Researchers and individuals seeking to measure peak concentrations 
for e.g., exposure studies using LCS should design their experiments 

so as to account for the limitations of LCS. This includes, but is not 
limited to: i) using appropriate reference instruments in LCS cali
bration (e.g., CAPS), ii) minimizing uncertainties in air flow to the 
LCS through e.g., stationary deployment, iii) focusing on long-term 
measurements at specific exposure-relevant sites, rather than short- 
term coverage of multiple exposure-relevant environments. With 
proper experimental design, researchers can ensure best-possible 
coverage of peak concentration events.

2) Appropriate averaging times should be used for LCS measurement 
campaigns. For example, if longer-term stationary measurements of 
ambient NO2 are envisioned, then calibrating LCS and reporting 
concentrations at 1-h intervals is likely sufficient (pending the size of 
the training set) and will show good performance. If shorter-term 
peak concentrations are important to capture for e.g., exposure 
studies, then LCS should be calibrated at the highest possible time 
resolution and averaged to coarser resolutions only as needed.

3) When performing measurements in mobile environments, careful 
consideration should be given to the repeated sampling of environ
ments, because, as we have shown, electrochemical sensors can miss 
high resolution peak concentrations and are known to have response 
times of up to a minute (Papaconstantinou et al., 2023), which can 
lead to distortion of the sensor signal (Peltier, 2020). For example, if 
mobile measurements are performed in an urban environment, 
multiple loops of the same route should be conducted so that more 
data are available at all locations, thereby mitigating potential loss of 
individual short-term peak concentrations. Not accounting for these 
limitations in subsequent analysis could lead to the presentation of 
misleading results.

5. Conclusions

In this study we compared low-cost electrochemical sensors against 
high-end reference CAPS and chemiluminescence instruments for the 
measurement of NO2 at various time resolutions. Our results suggest that 
electrochemical sensors are not suited for the measurement of NO2 at the 
highest time-resolutions (e.g., 10-s), perform better at medium time- 
resolutions (e.g., 5-min) when calibrated against a CAPS reference in
strument, and perform well at low time-resolutions (e.g., 1-h) regardless 
of which instrument they are trained with. This has implications for 
their use in the measurement of NO2 pollution, as it suggests that due to 
their design, they require special treatment when used for research in 
which the high time-resolution capture of peak NO2 concentrations (e. 
g., exposure studies, mobile measurements). Our evidence shows that 
LCS have diminished sensitivity to high time-resolution peaks, but that 
their performance at such resolutions can be improved if calibrated 
against a high time-resolution reference instrument such as the CAPS. 
Conversely, this study shows that these sensors perform well (R2 > 0.8) 
at coarse time-resolutions such as is typically done in longer-term, sta
tionary monitoring studies.

We recommend that researchers seeking to measure air pollution 
with electrochemical sensors take these physical limitations into ac
count when designing their measurement campaigns. Depending on 
what the aim of the study is, researchers should 1) calibrate and report 
concentrations at an appropriate time-resolution, 2) use appropriate 
reference instruments for calibrating the LCS with, and 3) avoid mea
surement at high time-resolutions where possible, or design studies 
appropriately to account for the underprediction or ignorance of peak 
concentration events.

Supplementary data to this article can be found online at https://doi. 
org/10.1016/j.scitotenv.2025.179476.
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