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Abstract— Odour discrimination with a sensor array directly
exposed to the environment is of great interest in many
applications ranging from environmental monitoring to search
and rescue and exploration of hazardous areas. Metal oxide
based sensors are typically used in such applications for gas
detection as they are compact, low costing and exhibit fast
response time to an analyte. Given the characteristics of the
metal oxide sensors as well as the chaotic nature of the airflow
in a natural environment, it has been assumed that a reliable
odour discrimination system working in this condition has to
work with features that capture the transient characteristics
of the signal. In this work we present an experimental setup
that enables a deeper insight into transient-based analysis for
open sampling systems. Observations on the properties of the
signal collected under a controlled experimental condition using
an open sampling system are presented. These observations
suggest that in a scenario in which the sensors are exposed
to different compounds without the possibility to recover the
baseline value in between a gas identification, a model of the
dynamics of the system is needed and a notion of the sensor
state should be maintained that captures the past history of the
sensor response.

I. INTRODUCTION

For analyte identification in mobile robot olfaction the use
of an open sampling system enables continuous sampling of
the environment without the added complexity of equipment
for headspace sampling nor the necessity for a stop and
sample approach. Under the condition of an open sampling
system, the properties of the signals are characterized by
dynamic properties due mainly to the characteristics of
gas transport (turbulence) and the characteristics of the
sensor response (SnO2 semiconductor). The result is often
“patches” represented by a rise and/or recovery phase and
seldom by a stable steady state. This presents a unique
challenge as traditional pattern recognition techniques ap-
plied to static electronic nose applications do not necessarily
apply. Nonetheless, finding methods to perform classification
on the dynamic information is not of exclusive benefit to
mobile robot olfaction as static electronic noses could use
such methods to enable faster identification by reducing the
need to reach a steady state and thereby engage in a longer
recovery time.

While one of the challenges for successful classification
on the signal dynamic in mobile robot olfaction is to be able
to successfully represent the influence of the analyte ver-
sus the influence of contingencies, other challenges include
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identification despite dynamical changes between exposures
of different analytes or between different concentrations of
the same anlayte. An understanding of these problems is par-
ticularly important as such robotic systems will most likely
be deployed environments in addition to the one in which
the sensing array had been trained, e.g. in search and rescue
applications. Also such understanding is important in order to
correctly infuse analyte identification into different areas of
study within mobile robot olfaction such as gas distribution
mapping and odor based navigation [1], [2]. While methods
within pattern recognition, feature extraction and feature
selection can provide techniques to model the dynamic in
the signal and reduce the influence of contingencies, insight
into the mechanisms which describe the underlying signal
dynamic, particularly, how such mechanisms relate to the
properties of the environment (which gases are present) and
gas transport (how the gas interacts with the sensor array)
is still needed. An important aspect in order to obtain this
insight is to derive observations from controlled experimen-
tation and here is a further challenge as the nature of the
problem to be inspected inherently implies an unstructured
and dynamic environment with parameters which are difficult
to predict or control (temperature, humidity). In this paper we
aim to make steps towards gaining a deeper understanding
of the dynamic properties of the signals. This is done by
creating an experimental setup which enable a study of
the signal properties under conditions which are similar to
those when deployed on a mobile robot (e.g. open sampling
system) yet still controlling a set of parameters (e.g. release
of the odour, concentration of the analyte). In particular,
we collect a series of observations that suggest how a gas
identification system that has to perform fast identification of
a signal collected with an array of sensors has to both to be
able to model the dynamic of the signal and to keep a notion
of state of the sensor (information on the past history).

The rest of the paper is organized as follows: we begin
with an overview of the progress transient identification for
mobile robot olfaction in Section II. The detail the experi-
mental setup which enables a study of the signal properties
is presented in Section III. Following is a presentation of
the initial findings from a number of experiments performed
using this setup in Section IV. Finally, a discussion of the
results and summary is given in Section V.

II. RELATED WORKS

The related works which use the dynamic of the signal
response for analyte identification can be delimited by works
which perform transient analysis for static gas sensing arrays



(electronic noses) and those which perform identification
using a sensing array integrated on mobile robots. For
static electronic nose applications, among the first works
which use transient information include [3] who used multi-
exponentials to model the transient response. In the valida-
tions it was found that relevant information for discrimination
is in fact present in the transient as well as the steady state.
This claim was further shown in [4] where using transient
information as well on recovery part of the signal (this
time modeled with a discrete wavelet transform) also yields
best classification ability (using a RBF). Applications which
use dynamic features for classification have been applied
to different analytes and substances [5] with most works
focusing on discrete wavelet transforms to represent the
dynamic in the signal [6] and one notable exception which
uses a dynamics moment approach [7]. These works extract
features from signals which eventually reach steady state and
therefore use information about the full transient (either rise
or recovery). On the other hand, still within the electronic
nose community, [8] have examined transients which do not
necessarily reach steady state, in order to justify reducing
sampling times. In this work, exponential based features are
used to model the signals, and the signals are most similar
to those encountered when using gas sensors on a mobile
robot platform as steady state is not necessarily present.

For works which concerns applications that require an
open sampling system, analysis of transients have been done
using discrete wavelet transforms [1], [2], STFT with LVQ
networks [9] or neural networks (spiking neural networks)
[10]. While these works have focused mainly on the appli-
cation of analyte identification for different robotic tasks, a
subset of studies [11] have also evaluated and compared the
suitability of different feature extraction techniques applied
to the signal dynamic. Nonetheless, what is still missing
in the olfactory robotic community is a deeper insight into
the description of the dynamic of the signal. However, as
previously stated, there are a number of technical difficulties
involved with the realization of such experiments. Natural
environments are characterized by a high Reynolds number,
that implies a turbulent airflow and a chaotic nature. More-
over, due to the physical principles on which gas sensors
are based, their response is cross-sensitive to variables like
temperature and humidity. Overall, experiments in robotic
olfaction have to cope with a chaotic environment and
involve a large number of variables that are difficult to
monitor and control. For these reasons there is a trade-off
between having a realistic experiment and an experiment that
provides a deep insight into the physical phenomena that are
being observed. In works such as [12], [13] the starting point
was a setup as close as possible to a realistic scenario in
order to gain deeper insight into the classification problem.
This allowed to analyze the effect of the movement of the
robot and the environment on the signal collected [12] and
also to conduct a preliminary investigation on the optimal
movement for the robot in order to optimize the classification
accuracy. However, with such experiments it is difficult to
establish a ground truth about what is happening at the sensor

level. For example, an interesting and challenging scenario
is the discrimination of odours when the sensors respond to
multiple analytes without recovering the baseline value in
between. In an experimental setup such as [12] it would be
difficult to establish a ground truth about which analyte is
reacting with the sensors in order to develop the appropriate
algorithms.

III. EXPERIMENTAL SETUP
To begin investigations in a simplified and controlled

scenario an experimental setup which can also (to some
extent) measure a ground truth has been used. The ex-
periments are carried out in a 5 m × 5 m × 2 m
room where an artificial airflow of approximately 10 cm/s
is induced. The airflow is created using two arrays of four
fans (standard microprocessor cooling fans), one placed on
the floor and one on the wall. The gas source is an odour
blender, a device described in [14] that can mix up to 13 odor
components from arbitrary recipes using rapidly switching
solenoid valves. This odour blender enables rapid switch
of compound and concentration allowing the generation of
rapidly changing controlled signals. Furthermore, contrary to
an odour bubbler [15], the primary mechanism of the blender
is based on headspace sampling and therefore should not
enhance evaporation. The outlet of the olfactory blender is
placed on the floor 0.5 m upwind with respect to an array of
11 metal oxide gas sensors and a photo ionization detector
(ppbRAE2000, RAESystem, 10.6 eV UV lamp). The airflow
at the outlet of the odour blender is set to 1 l/min. Figure 1
displays the configuration of the experiments.

Fig. 1. View of the experimental setup.

The sensors included in the array are listed in Table I. The
sensors are sampled at 4 Hz.

A photo ionization detector (PID) is placed next to the
array of metal oxide sensors in order to obtain calibrated
measurements in the proximity of the metal oxide sensor’s
location. This is important since, due to diffusion and advec-
tion, the estimation of the gas concentration at the sensors
would be very complicated if only the intensity of the gas
source would be available. The two compounds selected for



Model Gases Detected Quantity
Figaro TGS 2600 Hydrogen, Carbon Monoxide 2

Figaro TGS 2602 Ammonia, Hydrogen Sulfide, VOC
(volatile organic compound)

1

Figaro TGS 2611 Methane 1

Figaro TGS 2620 Organic Solvents 1

e2V MiCS 2610 Ozone 1

e2V MiCS 2710 Nitrogen Dioxide 1

e2V MiCS 5521 Carbon Monoxide, Hydrocarbons, VOC 2

e2V MiCS 5121 Carbon Monoxide, Hydrocarbons, VOC 1

e2V MiCS 5135 Carbon Monoxide, Hydrocarbons, VOC 1

TABLE I
GAS SENSORS USED IN THE ELECTRONIC NOSE.

these experiments are ethanol and 2-propanol. These two
substances have been chosen since they are both heavier
than air (they form a plume at ground level) and they have
a saturated vapor pressure in the same order of magnitude,
as can be seen in Table II.

Compound Molar Vapor
Mass Pressure

Ethanol 46 g/mol 5.8 kPa

2-Propanol 60 g/mol 4.2 kPa

TABLE II
MOLAR MASS AND SATURATED VAPOR PRESSURE OF ETHANOL AND

2-PROPANOL.

In order to create a database that allows to study the dy-
namic behaviour of the sensors when consecutively exposed
to different analytes, two different odour emitting strategies
have been used. In the first strategy only one analyte is used
at the time. The gas source emits clean air for two minutes
and the signal of sensors during this period is assumed as
baseline. Then for two additional minutes the compound
(ethanol or 2-propanol) is emitted at 20% of gas source
strength. After which the gas source will emit clean air for 2
minutes. This schema is repeated with source strength 40%,
60%, 80% and 100%. A graphical representation of the gas
source intensity together with the response of the sensors
array is displayed in Figure 2. This experiment has been
repeated three times switching between air and ethanol and
three times switching between air and propanol.

In the second strategy the gas source emits clean air for
the first 2 minutes as in the previous strategy. However,
rather than continuing to switch between air and an target
analyte, the source switches between the two target analytes,
between ethanol and 2-propanol, every 2 minutes. A total
of 10 switches between the two analytes is performed. The
intensity of the source is chosen randomly in among 20 %,
40 %, 60 %, 80 %, 100 %. At the end of the experiment
the source emits clean air for 2 minutes. An example of
the sensor response together with the source intensity plot is
given in Figure 3. This experiment has been repeated for 10
times.

Fig. 2. Sensor response obtained for the experiment in which the gas
source emits steps of increasing intensity of ethanol. The sensor response
is defined as the instantaneous sensor resistance divided by the value of the
resistance measured during the baseline acquisition.

Fig. 3. Sensor response obtained for the experiment in which the gas
source emits ethanol and 2-propanol in alternation with random intensity.
The sensor response is defined as the instantaneous sensor resistance divided
by the value of the resistance measured during the baseline acquisition.

IV. RESULTS

In this section, a set of observation and preliminary
findings that are useful to interpret the data collected with
this experimental setup are presented. First, it is interesting
to verify that the concentration of the two compounds is
comparable. Figure 4 displays the readings of the PID for
an experiment (gas source emitting steps with increasing
intensity) performed with ethanol and one performed with
2-propanol. It is evident how the measured concentration at
the sensor location is comparable in the two cases. This
highlights the fact that a successful gas discrimination is
possible due to the real selectivity of our sensor array and not
to differences in the concentration of the two compounds.

Analyzing Figures 2 and 3 it is possible to observe how the
sensors, due to the rapid changes in concentration generated
by turbulence, never reach a steady state in the same way
they do in controlled sampling systems (chamber or flow
system). Though, we can observe that after an initial transient



Fig. 4. PID reading for two experiments in which the gas source was
emitting ethanol or 2-propanol in steps with a growing intensity.

phase that takes place when the gas source changes either
the analyte or the intensity of emission, the response of the
sensor fluctuates around a value. Therefore it is interesting
to compare the discrimination ability of these two “states”
in the signal: signals which are in transient due to switching
between analyte, and signals which have fluctuations around
a base value after the transient due to switching has occurred.

In order to analyze this aspect we calculate how long
the sensors take to stabilize around a new value after an
intensity/analyte change. An exponential function is fitted
to every segment of signal in which the gas source emits
an analyte with constant intensity (two minutes) and a time
constant is estimated. It is worth noting that this fitting
procedure is not straightforward due to the noise in the signal
induced by the turbulent airflow. The exponential that is fitted
has the form:

y(t) = A ∗ e
−t
τ +B (1)

The function has 3 parameters that needs to be fitted: A,B
and τ and it is important to initialize these parameters to
a “reasonable” value as a random initialization with noise
would risk that the fitting procedure falls into a local minima.
Therefore, in this case the estimates of the parameters of the
exponentials do not apply. Rather, we introduce a heuristic in
order to initialize the three parameters. The heuristic can be
easily explained observing Figure 5. The initial value of B is
estimated as the average of the last 40 samples (10 seconds).
The initial value of A is estimated as the average in the first
4 samples minus the initial value of B and the initial value
for τ is set to -0.63 the initial value of A. Starting from these
initial rough estimates, the non-linear least squares algorithm
is used in order to get an accurate estimate of the three
parameters.

Figure 6 shows an example of fitting for a response of
the TGS2620 sensor. The value of τ can be used to estimate
when the sensor response is stabilized around a new value.
The mean value of τ for the sensors in the array is displayed
in Table III. Notice how a different value for τ is estimated
for every possible transition (3 compounds including air give

Fig. 5. Plot of the exponential function described by equation (1). The
value of notable points of the curve is indicated as a function of the three
parameters in the equation.

Fig. 6. Plot of a response of the TGS2620 to ethanol (starting from air).
The continuous line displays the exponential fitted to the response.

rise to 6 possible transitions). Indeed, the response of a metal
oxide sensor is typically faster than its recovery.

The transient in between two substances or intensities is
considered concluded after a time constant τ of the slowest
sensor has passed (after the switch). Given the slow response
sensors TGS2602 and MiCS 2710 are excluded from the
analysis.

Figure 7 shows a PCA plot of all the samples that have
been collected after the response of the sensor array has
stabilized around a new value. It is possible to notice that
the responses collected when the array is exposed to the 3
compounds considered are still well clustered, despite that
the turbulence introduces oscillations in the response. This
is an indication that, once the sensor has passed the transient
phase due to a substance or source intensity change, the
fluctuation in the signal due to turbulence do not necessarily
prevent the analyte from being identified.

In this condition a static system, i.e. a system whose
decision at time t depends only on the sensor response at time
t, would provide satisfactory identification performances. For
what concerns the transient phase (the time elapsed from



Sensor Air to Air to Ethanol 2-Propanol 2-propanol Ethanol to
Ethanol 2-Propanol to Air to Air to Ethanol 2-Propanol

MiCS 2610 2.95 s 5.83 s 13.27 s 13.11 s 3.71 s 8.74 s

MiCS 2710 13.39 s 22.47 s 22.92 s 24.68 s 24.10 s 22.45 s

MiCS 5521 (1) 2.21 s 1.76 s 4.38 s 3.15 s 3.12 s 2.11 s

MiCS 5121 4.75 s 6.83 s 8.94 s 8.99 s 4.80 s 6.66 s

MiCS 5135 3.78 s 5.71 s 15.87 s 10.14 s 6.99 s 12.17 s

MiCS 5521 (2) 2.84 s 2.76 s 3.53 s 3.27 s 3.30 s 3.83 s

TGS 2600 (1) 4.80 s 4.76 s 18.75 s 15.88 s 22.81 s 9.77 s

TGS 2611 3.44 s 3.31 s 6.35 s 5.41 s 4.02 s 4.37 s

TGS 2620 2.96 s 2.83 s 15.71 s 11.74 s 4.57 s 15.38 s

TGS 2600 (2) 4.58 s 4.51 s 19.12 s 16.12 s 6.50 s 9.60 s

TGS 2602 4.53 s 4.41 s 36.59 s 31.23 s 12.69 s 10.32 s

TABLE III
TIME CONSTANT FOR THE SENSORS INCLUDED IN THE ARRAY. A DIFFERENT TIME CONSTANT IS CALCULATED FOR EACH POSSIBLE TRANSITION IN

BETWEEN 2 DIFFERENT COMPOUNDS.

Fig. 7. Samples collected when the transient due to a substance switch is
over.

the substance switch is less than τ ) the situation looks
different, as can been seen in Figure 8. In this case the
clusters overlap significantly, indicating that identification
with a static system would be problematic.

However, dividing the samples according to the substance
from which the transient starts changing the situation as
shown in Figure 9, and a PCA analysis with the first two
components suggest a good discrimination ability.

Therefore, in order to perform reliable identifications of
the transient phase of the signal it is likely that a dynamical
system that keeps a notion of state (for example the substance
to which the array has just been exposed) is needed.

V. DISCUSSION AND CONCLUSION

The presented experimental setup enabled a number of
observations to be drawn about the factors which contribute
to classification when examining the signal dynamic. Though
intuitive, these observations are the first systematic inspection
of transient behaviour in an open sampling system (to the
authors knowledge) and contribute to the current insight
about how the metal oxide semiconductor reacts under new

Fig. 8. Samples collected during the transient due to a substance switch.

conditions suited for mobile robot applications. First, an open
sampling system introduces fluctuations in the signal, but
such fluctuations do not necessarily influence the signal state.
In fact, a steady state was shown to be extractable and indeed
better discrimination is possible via this indirect steady state.
Still however, in a real mobile robot application, there is no
guarantee that such a steady state situation would in fact
be reached unless there were deliberate active sensing to
place the robot within the plume for long enough period
of time [13] and transient is still needs to be examined. For
what concerns the transient, classification is more difficult.
When the sensors are in transition from one steady state to
another, attempting to classify the transients without context
results in a more difficult discrimination problem. Rather,
information about the previous state and identification can
in fact assist to better discriminate between the different
substance. Therefore, state estimation is an important aspect
to consider and a classification algorithm which can take into
account the history of the previous state could perform better
compared to one without the feature of a state propagation.

This work is a first step in larger ambition to derive from



(a) Transients starting from air (b) Transients starting from ethanol (c) Transients starting from propanol

Fig. 9. PCA plot of the transients divided according to the substance they start from.

controlled experimentation conclusions about the signals to
tailor classification algorithms that are to be applied to a
mobile robot. Future work will apply the knowledge gained
from this work to develop algorithms suited for processing
such signals.
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