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Low-cost chemical gas sensors for selective formaldehyde
quantification at ppb-level in the field
1,2

2

2

3

Manuel Bastuck , Donatella Puglisi , Peter Möller , Wolfhard Reimringer ,
1
2
2,4
Andreas Schütze , Anita Lloyd Spetz , Mike Andersson
1
Lab for Measurement Technology, Saarland University, Saarbrücken, Germany
2
Sensors and Actuator Systems, Dept. Physics, Chemistry and Biology, Linköping University,
Linköping, Sweden
3
3S GmbH, Saarbrücken, Germany
4
SenSiC AB, Kista, Sweden
m.bastuck@lmt.uni-saarland.de

Abstract
Data from a silicon carbide based field-effect transistor were recorded over a period of nine days in a
ventilated school room. For enhanced sensitivity and selectivity especially to formaldehyde, porous
iridium on pulsed laser deposited tungsten trioxide was used as sensitive layer, in combination with
temperature cycled operation and subsequent multivariate data processing techniques. The sensor
signal was compared to reference measurements for formaldehyde concentration, CO 2 concentration,
temperature, and relative humidity. The results show a distinct pattern for the reference formaldehyde
concentration, arising from the day/night cycle. Taking this into account, the projections of both
principal component analysis and partial least squares regression lead to almost the same result
concerning correlation to the reference. The sensor shows cross-sensitivity to an unidentified
component of human activity, presumably breath, and, possibly, to other compounds appearing
together with formaldehyde in indoor air. Nevertheless, the sensor is able to detect and partially
quantify formaldehyde below 40 ppb with a correlation to the reference of 0.48 and negligible
interference from ambient temperature or relative humidity.
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Introduction
Buildings account for a large amount of the total
energy consumption [1]. Hence, optimization for
energy efficiency in this field can lead to
significant reductions of costs, energy
dependency and greenhouse gases. The
European Directive 2010/31/EU [1] requires the
member states to build only low-energy
buildings after 2019 (public) and 2020 (private).
Among others measures, airtightness plays an
important role as heat loss through convection
negatively influences the energy footprint,
leading to a trend towards tighter buildings [2].
The reduced ventilation must be accounted for
by installing ventilation systems which allow for
a more controlled air flow and a healthy and
comfortable indoor climate, which is important
given that humans spend more than 85 % of
their time indoors [3].
The best compromise between energy
consumption and good indoor air quality (IAQ)
can be reached with automatic ventilation
control. A definition for the controlled variable,
i.e. indoor air quality, is, however, not easy to
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find. Some factors affect human wellness
immediately, like humidity or carbon dioxide
(CO2) [4]. Another large group of substances
affecting IAQ are volatile organic compounds
(VOCs). There is a wide variety of those
substances, which is why they are most often
reported as sum (of masses or volume) of all
measured compounds (total VOC, TVOC) [5].
However, this does not account for very
different risk potentials of those various
substances ranging from no effect on human
health, to headaches and even cancer after
long-term
exposure
to
typical
indoor
concentrations. To target only hazardous
substances, selective detection of one
compound or at least a group of compounds is
necessary [6,7]. While this is mostly possible,
even in the relevant range of parts per billion
(ppb) with expensive and bulky analytical
equipment, it remains a challenge for relatively
inexpensive and small chemical sensors,
especially in a non-lab environment. On the
other hand, cheap and small devices are
necessary to routinely equip buildings with

702

DOI 10.5162/sensor2017/P5.4

10

automated ventilation and keep a healthy
indoor environment.
This work aims at selective detection of formaldehyde, one of the most hazardous indoor
pollutants [8], in a real-case scenario. We use a
silicon carbide based field-effect transistor (SiCFET) [9] with temperature cycled operation
(TCO) for improved sensitivity and selectivity.
Its performance is evaluated using reference
instruments for formaldehyde concentration,
temperature, humidity, and CO2 concentration.
Sensor
A silicon carbide based field-effect transistor
(SiC-FET, Fig. 3a) [9] is used as low-cost gas
-type
sensor. The transistor is
4H-SiC wafers.
electrode is open to the environment and made
out of a catalytic material, in this case 25 nm of
porous iridium (Ir) deposited by room
temperature DC magnetron sputtering at an
argon pressure of 50 mTorr. The gate oxide is
tungsten trioxide (WO3) deposited by PLD
(pulsed laser deposition). This combination of
materials has already shown promising
selectivity towards VOCs like naphthalene [10],
and good sensitivity to formaldehyde (Fig. 1b).
The sensor can be heated up to 400 °C with an
external ceramic heater. The temperature is
measured with a Pt-100, but not controlled to
enable quick steps for the TCO (Fig. 2a).
Field test system
The field test system comprises a SiC-FET
sensor with appropriate electronics for control
and read-out. The electronics is controlled with
a LabVIEW program running on an Intel
compute stick which drives the SiC-FET and
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Fig. 1: (a) A SiC-FET sensor chip mounted to a TO-8
header together with a Pt100 temperature sensor.
(b) Logarithmic sensor response dependent on
formaldehyde concentration.

logs its data as well as the CO2 concentration
(cCO2) from a reference system (SenseAir
tSense). Remote access is possible via an
external 4G modem.
Operating mode and data processing
Formaldehyde concentration (cForm), ambient
temperature (T), and relative humidity (RH) are
measured and recorded with a GrayWolf FM801 [11] with a measurement range between 10
and 1000 ppb and very low cross-sensitivity to
other gases. It produces one measurement
every 30 min.
Temperature cycled operation (TCO) is often
used to enhance sensitivity and selectivity of
chemical sensors [12]. Reactivity and/or the
reaction path of chemicals on the sensor
surface
depend
strongly
on
surface
temperature and, thus, a change in temperature
The
resulting data is similar to data that could be
obtained from a sensor array with many
different sensors, but often with reduced drift
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Fig. 2: (a) Temperature cycle (blue) and resulting sensor signal. The middle of each period of time, from which the
mean is computed as virtual sensor, is marked with a colored dot. (b) Virtual sensors extracted from the sensor
signal.
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CO2 conc. cCO2

ambient
temperature T

relative
humidity RH

formaldehyde
conc. cForm

-0.12
-0.26
1.00

-0.44
-0.15
0.32
1.00

T330
T300
T270
T240
PC1
PC2
PC3
PC4
PLSR1
PLSR2
PLSR3
PLSR4

0.46
0.49
0.46
0.40
0.47
0.15
-0.03
-0.16
0.48
0.50
0.52
0.52

-0.22
-0.32
-0.08
0.02
-0.11
-0.40
0.08
0.05
-0.13
-0.23
-0.24
-0.24

-0.06
-0.06
-0.03
-0.03
-0.04
-0.04
0.03
-0.06
-0.04
-0.05
-0.03
-0.03

0.04
0.13
-0.10
-0.18
-0.08
0.35
-0.01
0.00
-0.06
0.04
0.04
0.04

relative
closeness

Tab. 2: Pearson correlation of virtual sensors (Txxx)
at
different
sensor
temperatures,
principal
components (PCx), and PLSR with a varying number
of components (PLSRx), with the four variables
investigated. The relative closeness is computed by
the TOPSIS algorithm, based on the best fit to the
correlation pattern for the formaldehyde reference
instrument.

CO2 conc. cCO2

Remarkably, cForm is negatively correlated to
both T and RH, which is opposite to the usually
observed behavior [14,15]. However, the
inverse correlation between T and RH, i.e. RH
decreases with increasing T, as well as the
plausible variation over the day (Fig. 3) for both
values indicates valid measurements. We
concluded that this inverse correlation is
mediated by the pattern superimposed from
both the day/night cycle and the ventilation
pattern. This conclusion is supported by the
strong negative correlation between cForm and
cCO2: the reference instrument is not influenced
by CO2 or other gases which are, here, only
produced by humans in significant amounts
and, thus, only during working hours, whereas
formaldehyde builds up only at night and
weekends while the ventilation is switched off,
due to emission from building materials and/or

-0.14
1.00

relative
humidity RH

Results and Discussion
We consider nine days of continuous (except
for one short pause) data collection from the
gas sensor and all reference systems (9,287
data points per system after interpolation). Tab.
1 shows the correlation between the variables
(cForm, T, RH, cCO2) themselves. Tab. 2 shows
the correlation between the twelve extracted
sensor signals and these four variables,
together with the relative closeness to the
optimal solution computed by TOPSIS.

1.00

ambient
temperature T

All reference data (cForm, T, RH, cCO2) are
linearly interpolated to a sampling rate of 80 s
to match the gas sensor data. We compute the
Pearson correlation between the reference data
and the four virtual sensors as well as the
principal components of the sensor data
computed with principal component analysis
(PCA). To compute real concentrations from the
sensor data, we also train and validate a
multivariate regression model based on partial
least squares regression (PLSR). The best of
the resulting twelve sensor signals are then
ranked using the TOPSIS (Technique for Order
Preference by Similarity to Ideal Solution) [13]
algorithm for best correlation with the c Form
reference.

cForm
T.
RH
cCO2

formaldehyde
conc. cForm

In this work, the sensor is heated to 330, 300,
270, and 240 °C for 20 s each, i.e. one
temperature cycle takes 80 s to complete (Fig.
2a). The sensor signal is then evaluated at the
end of each temperature plateau; in this case,
with a sample rate of 1 s, we compute the mean
of the last six points of each plateau, resulting
in four virtual sensors (Fig. 2b).

Tab. 1: Correlations between the four measured
variables.

signal

and less chance of failure. A drawback is the
longer measurement time since the data is
produced sequentially and not, as with a real
sensor array, in parallel.

0.75
0.53
0.80
0.61
0.87
0.30
0.30
0.47
0.88
0.71
0.68
0.69

furniture (Fig. 3). This leads to a somewhat
inverse behavior of cForm, peaking during nights,
and cCO2, peaking during days, which eventually
results in a negative correlation of these two
variables.
These findings must be taken into account
when employing TOPSIS to find the bestperforming model. Usually, one would strive for
high correlation to cForm and low correlation to
everything else, which is the expected result for
the formaldehyde reference measurement.
Instead, as mentioned previously, the reference
shows a strong negative correlation especially
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Fig. 3: Representation of all signals over the course of the measurement, standardized and shifted for
visualization. PLSR1 is computed from virtual sensors and smoothed with a window size of 22 (~30 min) for
visualization; ventilation represents the usual, automated ventilation schedule of the school without respect to
possibly unplanned events. A mark on the x-axis represents the start of the respective day, i.e. midnight, and
darker areas represent night from 6pm to 6am. Aug 20/21 and Aug 27/28 were weekends (no school), and the
short pause during Aug 24 is due to incomplete data streams during that time.

with CO2 as a result of the day/night and
ventilation cycles. Hence, a sensitive and
selective sensor should be able to replicate the
differences would, in this case, indicate crosssensitivity. In Fig. 3 for instance, PLSR1 reacts
to both cForm and cCO2, i.e. it shows crosssensitivity to CO2, which manifests as a much
higher correlation (-0.06, Tab. 2) compared to
the reference (-0.44, Tab. 1). Therefore, the
relative closeness was computed not with the
actual correlations, but with the absolute
difference of correlations in Tab. 2 and the
correlations in the first row of Tab. 1, effectively
searching for the best match with the
correlation pattern observed for the reference.
All variables were weighted equally.
The relative closeness of each signal is
displayed in the right column of Tab. 2; higher
values are better. It can be seen that both data
processing methods (PCA and PLSR) improve
the result compared with the best virtual sensor
(T270) alone, and lead to more stable
correlations with T and RH compared to what is
observed for the virtual sensors. Both methods
produce almost equally good results, which is
remarkable because PLSR as supervised
method could be expected to yield a better fit to
the reference data. PC2 captures mostly the
influence of ambient temperature, while PC3
and PC4 represent only noise. PLSR with more
than one component increases correlation with
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cForm slightly, but at the cost of much higher
ambient temperature dependency.
It should be noted that the significant negative
correlation between cCO2 and cForm (-0.44), as
observed from the reference instrument signals,
is never reached with any of the virtual sensor
the closest value is 0.18. Since the
signals
reference has no or very low cross-sensitivity to
other gases, this indicates cross-sensitivity of
the SiC-FET sensor to a gas correlated with
cCO2. This is observed as peaks during the day
which follow the shape of the CO2 peaks in Fig.
3. Due to its sensing principle a SiC-FET is, like
most chemical sensors, not sensitive to CO 2.
However, the reaction could arise from other
compounds correlated with human activity.
Likely candidates are acetone or isoprene
[16,17] which are contained in human breath at
4 % and 2 % of CO2 concentration [17]. The
mean peak height for CO2 is approximately
700 ppm, compared to a background level of
400 ppm, which then relates to an addition of
300 ppm CO2 through human breath, i.e.
12 ppm acetone and 6 ppm isoprene in the air.
These concentrations are, in sum, roughly 500
times higher than the maximum formaldehyde
concentration (30-35 ppb) and produce a
sensor
signal
similar
to
10-15 ppb
formaldehyde. Hence, while the selectivity still
has to be improved for this use-case, the
sensor currently shows a very good selectivity
of about 50:1 to formaldehyde vs. breath
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components assuming that formaldehyde is the
main component accumulating. Indeed, many
studies show that formaldehyde is most
prevalent of all VOCs in indoor air [18 20].
Other compounds often found, however in
lower concentrations, are acetaldehyde,
hexanal, toluene, and -pinene, among others.
The changes in sensor signal in this field test
were about twice as high as could be expected
from static sensitivity measurements (Fig. 1).
This corresponds to a selectivity of 25:1, and
shows that the sensor must be checked for
cross-sensitivity with the mentioned compounds
in future experiments.
Fig. 3 shows the course of all recorded signals,
the computed PLSR1 (smoothed), and the
automated ventilation schedule of the school,
which does not account for manual overrides
like, presumably, on Aug 28. The 5 % and 95 %
percentiles are [23.0; 27.0] °C for ambient
temperature T, [40.4; 53.4] % for relative
humidity RH, and [335; 500] ppm for CO2
concentration cCO2. T and RH show mostly
opposite trends as expected, and cCO2 seems to
be a valid indicator for human presence as it
only appears during working days and in sharp
peaks which reflect classes and breaks. All
values of cForm measured with the reference
instrument below 10 ppb were set to zero due
the highest peak was 34 ppb for the reference
(Aug 21) and 24.5 ppb for PLSR1 (Aug 28). The
ventilation was off during most of the night and
at weekends, set to 50 % at 3am, and to 100 %
from 6am to 6pm. This pattern is to a good
portion
reflected
in
the
formaldehyde
concentration (both reference and PLSR1), as it
increases with ventilation shut off and rapidly
decreases when ventilation is switched on.
However,
all
in
all,
the
measured
concentrations are far below the recommended
threshold limit value of 80 ppb for formaldehyde
[8].
Conclusion
We have investigated a SiC-FET with Ir/WO3 as
sensitive material as an inexpensive and small
device to selectively measure formaldehyde in
the ppb range under real-world conditions. The
test site was a school equipped with a
ventilation
system.
Temperature
cycled
operation and multivariate data processing was
employed to improve the correlation between
sensor signal and reference instrument.
Temperature, relative humidity, and CO 2
concentration were also recorded. The
evaluation shows a distinct correlation pattern
for the reference instrument with the other
recorded variables arising from the day/night
cycle. Taking this into account, the first principal

AMA Conferences 2017 – SENSOR 2017 and IRS2 2017

component and a PLS regression with one
component produce almost equally good results
with a correlation to the reference instrument of
0.47/0.48. A cross-correlation to an unidentified
component of, presumably, human breath is
seen, with a selectivity ratio of 25:1 towards
formaldehyde.
We will now validate this data with controlled
measurements in the lab, targeting especially
cross-sensitivity towards other VOCs commonly
found in indoor air and working towards reliable
formaldehyde detection in a changing VOC
background.
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