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Abstract—Low-power operation of power-hungry MOX sen-
sors is usually achieved by duty cycling them periodically.
However, a difficulty arises if a sensor is operated at irregular
time intervals due to intermittent energy availability in energy-
neutral or batteryless applications. In this work, we propose a
compensation method which re-maps on-demand measurements
to virtually duty-cycled readings in the value domain by taking
the duration of the last off-time into account. We evaluate
our compensation algorithm based on Sensirion’s SGP30 sensor
and achieve up to 79% accuracy improvement compared to
uncompensated measurements.

I. INTRODUCTION

Context sensing is the primary use case for batteryless
sensors. Besides human-centric applications such as activ-
ity recognition [1], step counting [2], etc. there is a huge
interest in deploying large-scale sensor networks to detect
states of the environment that may harm human health. These
applications require the use of environmental sensors, such
as those measuring gases and particles. Metal-oxide (MOX)
gas sensors gain popularity due to their small size and fast
response to a large range of gases present in the ambient
air. These sensors measure the changes of electrical resistance
as a response to gaseous pollutants [3]. However, obtaining
an accurate measurement from the sensors when operating in
an energy-scarce environment is difficult. Recent works [4]–
[6] use machine learning to reduce the power consumption of
MOX sensors by predicting their short-term response from a
few transient samples as the sensor is duty-cycled.

Recent advances have been made in supporting computation
on intermittently powered devices [7]–[11]. However, energy
harvesting also leads to intermittent sensing as the amount
of ambient power is low and variable and the storage is
small. This aspect, however, has been almost entirely neglected
for MOX sensors. Since chemical sensors come with long
response times and cold start delays, their direct usage in
intermittently powered platforms is problematic. On-demand
sensor operation reinforces measurement biases and causes
sensitivity drifts [4], [12] that require intelligent compensa-
tion. Towards building an accurate sensing system, this work
gives answers to the following research question: Can we
compensate for sensor’s sensitivity change due to on-demand
operation?
Challenges. Compensating for differences between on-
demand and duty cycle operation imposes a few issues to
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Fig. 1: Transient SGP30 responses for the same stable mixture
of ambient air (Left: duty cycle, Right: on-demand mode).

solve: (1) Sensor’s sensitivity changes due to sensor’s on-
demand operation. (2) Observed transients are different in
duty cycle and on-demand modes due to different off-times
allowing for altered duration of chemical reactions on the
sensor’s sensitive surface. (3) While being off irregularly and
for an extended amount of time, the sensor surface is exposed
to ambient humidity, and so very early measurements of the
transient response might loosely correlate with ambient air
quality.
Contribution. In this paper we simulate the operation of a
MOX gas sensor on intermittent power with real sensors.
We are the first to present an algorithm to compensate for
varying sensor’s off-times and provide empirical evidence that
it improves the accuracy of measured values.

II. ON-DEMAND AIR QUALITY SENSING

We experiment with the SGP30 [13], [14], a multi-pixel
metal-oxide (MOX) gas sensor from Sensirion. The mea-
surement principle includes a temperature-controlled micro
hotplate, which is the main source of sensor’s high energy
consumption. We run experiments with the pixel optimized for
measuring volatile organic compounds (tVOC) in the indoor
air. tVOC is measured in ppb (parts per billion), and is often
used to describe indoor air quality. Raw sensor values are
provided in ticks. Low number of ticks correspond to polluted
air, yet sensor sensitivity and the baseline corresponding to
clean air depend on the sensor operation mode. Thus, raw
sensor values measured in different modes should not be
compared. This is, however, problematic for intermittently
powered applications and is in focus of this paper.
Measurement Setup. We use the SVM30 [15] board from
Sensirion with SGP30, SHTC1 [16] temperature and humidity
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Fig. 2: Left: Test setup with three SVM30. Right: Spiky on-demand measurements with Ton = 0.56 s. The spikes are significantly
reduced by the proposed compensation algorithm to match the corresponding duty cycle mode signal with Toff = 295 s.

sensor, and power converters allowing the sensors to be
powered from a 5V power supply typically available on
microcontrollers and IoT devices. We mount three SVM30
boards on a wooden plate shown in Fig. 2. The sensors are
placed inside a plastic frame which can be closed to keep
the air composition inside the frame relatively stable. Each
SVM30 board was operated in one of the operation modes
(continuous, duty cycle or on-demand) described below.
Operation Modes. In continuous mode the hotplate is contin-
uously heated. This keeps the sensor in an equilibrium state
and ensures that the measurements are most accurate. The
continuous mode consumes the most energy (86 mW).

In duty cycle mode the sensor is regularly turned on and off.
We define the time frame Ton for which the sensor is turned on,
and Toff for which the sensor is turned off. Duty cycle is often
expressed in percentage: D = Ton

Ton+Toff
× 100%. The transient

response in duty cycle mode is shown in Fig. 1. We sample the
transient response with 36 Hz over Ton =5 s with Toff =295 s.
The measured transient values gradually increase over time,
yet the measurements exhibit a high degree of repeatability as
long as the background air composition does not change. The
duty cycle mode saves a considerable amount of energy com-
pared to the continuous mode. Recent works [4]–[6] show that
a transient response contains valuable information which can
be used to predict accurate continuous-sensor measurements
despite baseline and sensitivity differences.

The on-demand mode is similar to the duty cycle mode
explained above, but the sensor is turned on irregularly.
This operation mode typically applies to battery-less sensors
powered from ambient energy. In this case, Ton is fixed at 5 s,
but Toff depends on the energy availability. In our experiments
we chose Toff randomly from the following options: 25 s,
40 s, 55 s, 85 s, 115 s, 295 s, 595 s, 1195 s. Sample transient
responses from consequent measurements in on-demand mode
for the same stable concentration of contaminants in the
ambient air, which was already shown for the duty cycle
mode, are shown in Fig. 1. Again, measured values of transient
responses increase with time. However in contrast to a sensor
operated in duty cycle mode, the transient responses obtained
in on-demand mode are severely affected by the past off times.

Our experimental dataset comprises measurements from

three SGP30 sensors operated in parallel over 6 days in a
typical indoor environment. Sample measurements are shown
in Fig. 2.

III. COMPENSATING ON-DEMAND ERRORS

As visualized in Fig. 2, the measurements obtained by a
sensor operated in on-demand mode are spiky due to varying
off-times between the measurements, as also shown in Fig. 1.
Longer off-times allow, for example, for more water molecules
to deposit on the sensor’s surface and affect tVOC response in
early transient measurements. Such effects dominate the longer
the sensor was off. In case a sensor was off for a longer time,
the manufacturer recommends to operate it for 1 hour for a
continuously operated sensor (and 24 hours for a duty cycled
sensor) to obtain accurate measurements [13]. In our work,
we experiment with off-times up to 20 minutes, typical for
intermittent sensing applications operated from photovoltaics.

Independently from the exact causes, we observe that in
on-demand mode the transient response is influenced by the
past off-times, leading to different measurements for the same
air quality. Transients having the same last off-time are very
similar given unchanged air quality, although recorded at a
different time. We observe that transients from duty cycle and
on-demand operation are related. on-demand transients start
higher than duty cycle transients, when their last off-time is
smaller than the duty cycle Toff and vice-versa. In general, the
final readout of the transient is also related to the last off-time,
showing higher values for a small last off-time and vice-versa.
Our compensation method described below therefore aims to
approach the duty cycle signal and thus reducing the spikes
emerging in the on-demand mode due to irregular off-times
leading to alternating measurements.

We analyze the properties of on-demand measurements
using our dataset. We create narrow bands over the whole
continuous signal (which is interpolated for the time steps of
the on-demand measurements) containing only values for ap-
proximately the same ticks, i.e., representing roughly the same
air quality. Each of these measurements has a corresponding
on-demand transient at the same time step. For each of these
bands, we plot multiple readouts of the on-demand transients
against the last off-time of the respective transient. With this,



Fig. 3: Raw values vs the last off-time in the same band for diff. transient lengths (left to right: Ton=0.56, 1.11, 2.22, 4.44 s).
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Fig. 4: MAE before and after correction of on-demand values
compared to duty cycle values.

we learn how the last off-time impacts the transient response
under the same air quality condition. The plots for multiple
readouts of the observed transients for one chosen band can
be seen in Fig. 3. We observe that for values underlying the
same air quality, which is assured by the band, we can fit a
line based on the last off-time. This observation holds true for
every part of the transient we test, namely between 0.56 s and
4.44 s with different slopes of the linear fit respectively. We
have chosen a linear fit for the correction method. Fitting a
second-degree polynomial does not provide a better result.

The correction algorithm for a specific readout of the
transient works as follows. We move the measured value along
the fitted line to the point corresponding to a pre-defined
virtual duty cycle off-time. We choose the same virtual off-
time (Toff=295 s), by which we simulate measurements in duty
cycle mode for every measurement. Using this approach, we
could reduce the error between the duty cycle and on-demand
signals by up to 62% as shown in Fig. 4. The compensation
gains are the highest for shorter transient readouts. We can
further improve these results by computing a rolling average
over the compensated measurements with a window size of
20 min, which is the highest off-time for on-demand mode we
have used. This leads to an error reduction of up to 79%.

IV. CONCLUSION AND FUTURE WORK

In this work, we analyze the relationship between the on-
demand transient and the continuous operation mode of an
SGP30 MOX gas sensor, and use the observed dependency of
the transient measurements on the last off-time to compensate
for the sensor being irregularly off. Our method minimizes
the error by up to 79%. The compensation effects are most
pronounced for earlier parts of the transient response.

We explored the mentioned relationship by using a contin-
uous signal to create the bands of measurements for similar
air quality. As a next step, we wish to apply these findings to
future on-demand measurements, where no continuous signal
is available and to measure the performance and accuracy
changes. Additionally, we plan to examine the impact of sensor
measurement drift over time on the described dependency and
the impact of multiple previous off-times rather than one.

Since the performance of on-demand can be improved by
matching it with the closest duty cycle mode, we argue for
a necessity of a sensing-friendly scheduling algorithms when
operating MOX sensors on intermittent power to achieve the
best measurement accuracy.
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