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ABSTRACT: We report here a simple approach that allows for rapid mapping of raw voltage readings to concentrations for 
part-per-billion level air quality electrochemical sensors. The key step is the introduction of an auxiliary sensor and cover it 
with a thin Nafion membrane, one that is well-known for its both highly efficient and selective permeation of water vapor. 
This sensor captures any signal that is induced by changes of relative humidity, and such signal can then be used to rapidly 
correct for drifts of the main sensor which sees both the target gas and ambient water vapor. The whole process is entirely 
based on first principle, preserves physical clarity, is very amenable for implementation by routine sensor users and deliv-
ers data that compare favorably with reference instruments. We also suggest that this double-sensor setup be further con-
densed into one sensor in which one of the electrodes is coated by Nafion and exposed to ambient air in the same way as the 
normal sensing electrode.

Air pollution poses great threat to environmental sustain-
ability and human health on a global scale 1. The need to un-
derstand air quality in highly confined spaces such as the 
indoor environment 2-3 or where sharp spatio-temporal gra-
dients exist due to altitude or proximity to emission sources 
such as industrial plants 4-5 and urban streets 6, and to accu-
rately quantify personal exposure levels for better assess-
ment of health impacts of air pollution 7-8, has prompted the 
use of small but ultra-sensitive gas sensors in monitoring 
key gaseous pollutants such as NO, NO2, CO, SO2 and O3 9-12. 
Through gradual accumulation of data from tests per-
formed under a broad range of ambient conditions, how-
ever, doubts about this technique were also mounting since 
many colocation studies have revealed that they can report 
data that show very poor correlation (R2 < 0.5) with refer-
ence 13-15. This challenges the use of small sensors in the 
field, limits its role to provide only indicative information 14, 
and frustrates end-users in the long run inevitably 16. 

The core problem here is that sensors respond to T and 
RH changes, which vary in the field environment all the 
time, generating interfering signals that are often large 
enough to fully scavenge target gas signal. To eliminate such 
effects, models of varying levels of complexities have been 
exploited, including univariable to multivariable linear re-
gression methods that aim to describe the effects of T and 
RH through linear to higher-order terms 17-21. More recent 
studies also speculated that sensor response to T and RH 
may be very complex, occurring through processes that can 
be nonlinear, and have applied more advanced algorithms 
such as the Random Forest Regression and others based on 
Machine Learning 19, 22-24, Artificial Neural Networks 25-27, or 
the High-Dimensional Model Representation approach de-
signed by Aerodyne and Princeton 28. Mapping schemes 
(that link sensor raw reading with concentration) afforded 
by these above approaches can be unamenable for 

interpretation, may include terms that are noncausal 29, and 
often offer limited insights into the actual governing physi-
cal parameters. 

EXPERIMENTAL SECTION 

Four randomly chosen NO2-B43F electrochemical sen-
sors (Alphasense, UK), with sensitivity reaching part-per-
billion (ppb) levels, were used to measure ambient NO2 in 
an urban environment in Shenzhen, China. These sensors 
were housed in a custom-built instrument enclosure to-
gether with necessary electronics. Voltage readings from 
the working and auxiliary electrodes of the sensors were 
sampled and averaged to every twenty seconds. 

For inter-comparison, a reference instrument (Model 42i, 
Thermo-Fisher Scientific) was also deployed at the same 
site and measured ambient NO2 at 1 min time resolution. 

RESULTS AND DISCUSSION 

Figure 1 shows the data from two such sensors, calculated 
as the difference between their working and scaled (1.6) 
auxiliary electrode readings to remove by a large part the T-
induced drifts for both sensors, followed by some rebasing 
so that the two readings appear on the same scale. For most 
such sensors we have tested, a scaling factor of 1.4 - 1.8 is 
often required to fully remove the T-effect on working elec-
trode using its auxiliary counterpart, and the fact that it nor-
mally tends to be greater than 1 may reflect their different 
sizes based on the sensor design. Both sensors were then 
deployed outdoor without any active T or RH stabilization. 
Sensor A is a non-modified one, while sensor B has had its 
sensing surface covered by a thin film of the Nafion mem-
brane (thickness 25 m), one that is well known for its se-
lective permeation of water vapor but not NO2 30. This spe-
cial feature of the Nafion membrane suggests that sensor B 
can act as a spectator that monitors RH-related signal only, 



 

while sensor A monitors both this and the signal that is 
caused by ambient NO2. The patterns of the data from the 
two sensors and that from the reference NO2 instrument in-
deed verified this, as signal from sensor A is a clear super-
position of the last two (with some rebasing and scaling). It 
is also noteworthy that the addition of the membrane does 
not pose significant diffusion barrier for water vapor, since 
the two sensors appear to respond synchronously and by 
similar magnitude to RH changes, as is shown in Figure 1. 

 

Figure 1 Raw sensor reading shown as a clear superposition of 
gas and relative humidity transient signals. Signal readings 
(upper two curves) from two randomly picked Alphasense 
NO2-B43F sensors A (unmodified) and B (with a 25 m thick 
Nafion membrane added to seal its front sensing face). Also 
shown is the NO2 concentration time series (bottom curve) 
measured by the reference Thermo-Fisher NOx analyser 
(Model 42i). It is readily observable that the signal curve from 
sensor A is a composite of that from sensor B and that of the 
NO2 signal from the reference instrument. Temperature range 
was 14.7-34.4 oC during this period. 

Bearing in mind that signal B is RH-related, we are now in 
a good position to examine its origin (i.e. how it is related to 
RH changes) in the dynamic field environment. Firstly, little 
correlation can be found between signal B and RH, T or aux-
iliary electrode (AE) reading, or their quadratic or cross 
product terms. In other words, none of these terms can ad-
equately represent signal B. Secondly, time series of signal 
B and that of the RH transient, RH/t, show clear similar-
ity when the latter was smoothed, as shown in Figure 2, ex-
cept some temporal delay in between (around 10 mins). 
This suggests that RH transient can be the cause of signal B, 
and indeed our numerous field tests have consistently con-
firmed this. Establishment of causality is further supported 
by observations of both the sensor manufacturer 31 and two 
other independent groups 20, 32 in step changes of RH under 
well-controlled lab conditions at relatively stable T. We are 
unsure if T has any effect on the sensor response to RH tran-
sient, and further laboratory studies are needed if this is to 
be elucidated.  

 

Figure 2 The close resemblance of the auxiliary sensor signal to 
the calculated ambient RH transient. RH/t, calculated as the 
derivative of RH against time and then smoothed by 256 pts 
adjacent averaging (left axis), and the signal reading from the 
auxiliary sensor B (Alphasense NO2-B43F sensor covered by a 
Nafion membrane, right axis). Good correspondence can be ob-
served.    

We have further examined the possibility of reconstruct-
ing signal B from RH/t. With several complicating factors 
as stated above (the need to smooth, the temporal delay, 
some potential T-dependence as noted above, and possibly 
other terms that are less visible), this turned out to be more 
difficult than it seems. Mueller et al. 20 have made similar 
mathematical attempts but concluded also that the errors in 
simulated results can still critically control measurement 
accuracy across various timescales (minutes to hours). We 
suspect that detailed functional form linking sensor re-
sponse with RH/t may have not been fully understood. 
Addition of the “spectator” sensor B thus provides a conven-
ient way to overcome/bypass this technical difficulty, al-
lowing the RH transient induced signal to be measured 
straightaway. 

It is interesting to compare the roles of the auxiliary elec-
trode, one that was added in the sensor by the manufacturer 
some ten years ago, with that of sensor B. The former is em-
bedded deep in the sensor and experiences similar T 
changes as the working electrode. It can therefore be re-
garded as a tracker of any T-induced changes and allows 
these to be removed readily. On the other hand, it is not in 
contact with ambient air, as otherwise it measures the tar-
get gas too, and for this exact reason the auxiliary electrode 
in the current sensor setup does not sense RH changes in 
the environment. Sensor B makes up this drawback and ef-
fectively serves as a tracker of the RH transient induced sig-
nal. Subtraction of this signal from that of the working sen-
sor, which sense both the target gas NO2 and the RH-
transient induced signal, gives largely the NO2 signal. This 
approach is somewhat counter-intuitive, as for electro-
chemical sensing that suffers from cross-interference (H2O 
vapor in this case can be effectively regarded as an “inter-
ferent”, although we note that H2O does not affect voltage 
reading of the working electrode through redox reactions.), 
it is a more common and natural practice to remove the in-
terfering rather than target gas. The price we pay here is an 



 

extra NO2 sensor, which in most cases is affordable. The 
magnitude of random noise will also be amplified by a factor 

of √2 , since we have used one sensor to correct for the 
other, but this is usually tolerable in most small sensor ap-
plications and can be reduced by averaging when needed. 

Following this line of thinking, we have used the following 
expression to calculate NO2 concentration [NO2] from sen-
sor raw readings. 

[NO2](𝑡) =  (𝑊𝐸A(𝑡) − 𝑎 ∗ 𝐴𝐸A(𝑡) − 𝑏 ∗ SensorB(𝑡) − 𝑐) 𝑠⁄  

Equation 1 

where WEA is sensor A working electrode reading, AEA is 
sensor A auxiliary electrode reading and SensorB is sensor 
B raw reading given by (WEB - AEB). All these are observa-
bles and vary with time t. Coefficients a and b provide the 
necessary scaling that account for any small differences 
among electrodes in their response to T and RH transient 
changes, respectively, coefficient c provides the necessary 
rebasing, while s is the sensitivity coefficient for sensor A. In 
addition, we have sometimes noticed that a third term, 
namely temperature transient T/t, needs to be included 
in Equation 1 to improve the fit for the Alphasense NO2-
B43F sensors. This is caused by the sensor electrodes re-
sponding not only to T but also T/t, making AEA a mixture 
of both effects. Rather occasionally, working and auxiliary 
electrodes even of the same sensor can have highly dispro-
portionate responsivity to T and T/t, making subtraction 
of these two T-related effects through adjustment of a single 
parameter a insufficient. The #4 sensor in Figure 3 shows 
one such example in which some deviating values of sensor 
[NO2] from reference are clearly caused by such effect and 
the quality of fit can be further improved through inclusion 
of the temperature transient term. 

Sensors to be calibrated can then be deployed outdoor, an 
environment where T and RH change continuously, to-
gether with a reference NO2 instrument which provides 
continuous measurements of [NO2]. Multivariable linear 

regression of [NO2] against WEA, AEA and SensorB will then 
allow coefficients a, b, c and s to be determined simultane-
ously. Calibration should preferably be performed in an en-
vironment where both AEA and SensorB vary substantially, 
one that would allow their associated coefficients a and b to 
be determined with high confidence. Given the strong T de-
pendence of AEA and SensorB, it is conceivable that calibra-
tion should best be performed in a warm rather than cold 
environment, with Tmax being comparable or ideally higher 
than that in the actual deployment period. We often noted 
that calibration results thus obtained were more robust 
than vice versa, for reasons above. Meanwhile, calibration 
strategy will continue to develop as an active area of re-
search and may best be decided by sensor users who know 
the application conditions and purposes more thoroughly. 

We show below results from both the four Alphasense 
NO2-B43F sensors and the reference NO2 instrument, sam-
pling ambient air for two months. T and RH have been meas-
ured by a Bosch BME280 sensor to be within 12.4 - 35.4 oC 
and 19.6% - 90.0%, respectively. Four other NO2-B43F sen-
sors were modified as described above, forming four [1+1] 
pairs with the unmodified sensors. All unmodified sensors 
were then calibrated using reference [NO2] in the initial 
eight days, determining the various coefficients in Equation 
1, which were then used to convert sensor raw signal to 
[NO2] in the following seven weeks (free-run period). This 
is what to be expected in real world applications, i.e. cali-
brating sensors with reference data for a short period fol-
lowed by longer-term field deployment. 

Time series data from both the reference instrument and 
the four sensors are shown in Figure 3 on the left, while cor-
relation plots are shown on the right. Good correlation is 
clearly visible, and further suggested by the common statis-
tics metrics such as R2 (CoD, Coefficient of Determination) 
and RMSE (Root Mean Square Error) from the linear fits of 
sensor data against the reference one.



 

 

Figure 3 Validation of sensor NO2 data. Time series of NO2 from four randomly selected and calibrated NO2-B43F sensors deployed 
outdoor and co-located with a reference instrument. Sampling interval of the reference instrument is 1 min and that of the sensors 
is 20 seconds. Sensor data were then smoothed through 15 pts averaging to achieve comparable Signal to Noise ratio as that of the 
reference instrument. Temperature during the calibration period was 13.8-30.8 oC and that during the free-run period was 12.4-
35.4 oC. 

So far, we have seen all electrochemical sensors detecting 
the most common polluting gases including CO, NO, O3 and 
SO2 are all responsive to RH transient. The current method 
can therefore be applied to these other sensors so long as 
the target gases remain impermeable through the Nafion 
membrane. All gases listed above satisfy this criterion, and 
our tests have proven that it is viable to correct for T and RH 
effects for these other gas sensors too. 

We end by suggesting a way to improve the compactness 
of the system, namely by adding an extra electrode 
coated/covered by Nafion into the original sensor. This 
electrode should be placed close to sensor surface as the 
normal working electrode, but the Nafion coating would al-
low it to track only the RH transient signals. This would not 
only reduce the cost but also improve system portability, 
which is often important in cases such as personal exposure 
measurements or on mobile platforms such as Unmanned 
Aerial Vehicles (UAVs). 

CONCLUSIONS   

To summarize, state-of-the-art electrochemical sensors 
respond to RH/t instead of RH, and furthermore they act 
as a “shock absorber” of such changes and release the effect 

in a delayed manner. This unusual behavior has made RH-
related sensor drift extraordinarily difficult to capture and 
simulate. Many advanced algorithms that were invoked to 
tackle such issue lack physical clarity, and the solutions they 
offer vary greatly from model to model which will almost 
certainly lead to great methodological divergence in the fu-
ture. With minor sensor modification, we propose here a 
much simpler solution to solve the problem, which is ge-
neric and easy to implement and, because all fitting terms 
have definite physical meanings, any fit anomaly spotted 
can be diagnosed readily. We believe this current work will 
help unify sensor calibration methods, improve sensor data 
quality and furthermore facilitate their use in forming high-
density air quality monitoring networks or performing per-
sonal exposure measurements of various kinds and pur-
poses. 
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Electrochemical NO2 sensor covered by Nafion membrane to directly monitor sensor response to relative humidity 
transients 

 


