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Abstract

Chemo-resistive transduction presents practical advantages for capturing the spatio-temporal

and structural organization of chemical compounds dispersed in different human habitats.

In an open sampling system, however, where the chemo-sensory elements are directly ex-

posed to the environment being monitored, the identification and monitoring of chemical

substances presents a more difficult challenge due to the dispersion mechanisms of gaseous

chemical analytes, namely diffusion, turbulence, and advection. The success of such actively

changeable practice is influenced by the adequate implementation of algorithmically driven

formalisms combined with the appropriate design of experimental protocols. On the basis

of this functional joint-formulation, in this study we examine an innovative methodology

based on the inhibitory processing mechanisms encountered in the structural assembly of the

insect’s brain, namely Inhibitory Support Vector Machine (ISVM) applied to training a sen-

sor array platform and evaluate its capabilities relevant to odor detection and identification

under complex environmental conditions. We generated —and made publicly available— an

extensive and unique dataset with a chemical detection platform consisting of 72 conducto-

metric metal oxide based chemical sensors in a custom-designed wind tunnel test-bed facility

to test our methodology. Our findings suggest that the aforementioned methodology can be

a valuable tool to guide the decision of choosing the training conditions for a cost-efficient

system calibration as well as an important step toward the understanding of the degradation

level of the sensory system when the environmental conditions change.

Keywords: metal-oxide sensors, support vector machines, system calibration, open

sampling system, sensor array, electronic nose
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1. Introduction

The design of inexpensive, reliable, fast responding, highly sensitive, and low-power con-

suming chemosensory array systems—also referred to as electronic nose systems (e-nose)—

has long been recognized a primary goal for the chemo-sensing community. Since 1982 when

the first scientific publication of artificial olfaction was presented, the e-nose [1, 2] has evolved

into a valuable instrument envisioned for a wide variety of applications, including, but cer-

tainly not limited to, medical diagnostics [3, 4, 5], food spoilage monitoring [6, 7, 8], quality

control [9, 10, 11], and other types of event detection in urban [12, 13] or space [14, 15]

scenarios. However, as efficient and successful as these instruments may have proved to be

in most of the aforementioned chemo-sensing applications, the e-nose systems have neither

achieved the potential in application tasks that go beyond the identification and differenti-

ation of chemical substances nor the market penetration expected by the pioneers [16, 17].

Part of the reason responsible for the crash of these applications is the natural mechanisms

dominating the dispersion of chemical gaseous analytes in environmental conditions, namely

diffusion, turbulence, and advection, as well as the enormous vulnerability of chemical sen-

sors to temperature, humidity, and air flow. Therefore, although numerous computational

algorithms have been proposed to enhance the performance of e-nose systems, which are im-

portant for sensor drift reduction [18, 19] as well as minimizing the impact of sensor failures

[20, 21], it still remains unconclusive to what extent the information obtained from these

chemosensory systems can be exploited to reliably discriminate gases in realistic sampling

systems like wind tunnels.

Gas-phase chemical analysis by means of electrical transduction involving the prediction

of the identity and quantity of the chemical compound has been traditionally performed

in highly-tight controlled sensing test chambers that isolate the chemical analyte from its

natural, predominantly complex environmental condition. Because it ensures a strict, tight

control over some critical sensing conditions, including environmental temperature, pressure,

and ambient flow, such isolation enables the chemical sensory system to exhibit chemical

signatures that are, to a very large extent, specific to both, the kind of sensory elements

used and the chemical analyte being monitored. Traditional methods of analytical chemistry,

including, but certainly not limited to, mass spectrometry and gas chromatography, are other
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prominent examples of such isolating techniques that are very useful in the identification and

quantification of chemical analytes [22, 23, 24]. These types of analysis, however, not only

require indirect, rather complicated sampling procedures, also including cases involving the

destruction of the tested sample, but also, and most importantly, they cannot reveal the

spatial and temporal structure of the chemical stimulus in its natural ambient (e.g., in an

open sampling scenario), which, as we will demonstrate here, is essential to the chemo-sensing

task envisioned in this work.

A gaseous chemical plume emitted from a fixed location conveys two critical pieces of

information of the sensory world enclosed within its own volume: information about the

analyte identity and, to some extent, information revealing the spatial coordinates of, or

distance between, the source point and the observer (e.g., a chemosensory mobile platform).

The problems of analyte identification and chemical source localization as a case of study

are individually not novel; they have been studied for over two decades, particularly in the

fields of artificial olfaction and mobile robot olfaction [16, 17]. Chemical analyte identifi-

cation is a genuine classification problem, in which various mainstream methods have been

successful thanks to the effective quantitative metrics that have been recently established in

the chemosensory community [16, 25, 26]. Chemical source localization is another important

chemo-sensing inference problem that has been explored for over two decades, predominantly

in the field of robotics [17]. A vast majority of most of the reported successful attempts thus

far has been the use of local concentration gradients in one form or another in the search. This

generic attribute, naturally generated by the rapidly-decaying average concentration level of

the chemical plume with distance away from its source or by local zigzagging movements of

mobile agents at the edge of the plume, is easily-accessible in consecutive raw chemo-sensory

samplings in a plume that can guide a mobile agent (e.g., a robot) upstream towards the

center point of the plume in a broad range of scenarios [27, 28, 29, 30]. Although all these

efforts have clearly been paid-off by the enormous expansion in the applications involving

machine olfaction, chemo-sensory systems preferentially utilize a diverse array of general as-

sumptions and additional instruments, such as sensing test chambers, for their functioning in

the search that collectively contribute to the successful completion of the chemical task being

pursued. The benefit of these assumption–mediated practices seemingly outweighs the cost

to chemo-sensory systems of implementing these assumptions. But it remains controversial

4



whether these apparently non-avoidable solutions are feasible or not for real-life application

works, as of to date.

The particular point of view pursued in this paper is that the identity of a chemical an-

alyte in an open sampling scenario can itself be inferred from previous observations made

on the same field under similar ambient conditions. In other words, a gas chemical plume

can be characterized “empirically”in a data-driven fashion, based on pre-recorded, stationary

representative measurements collected at certain distances from the origin of coordinates and

under flow conditions resembling those of the test-field conditions. A similar idea satisfy-

ing the aforementioned mobility requirement in source seeking has been already embraced

in the language of analytical fluid dynamics by an accurate spatiotemporal characterization

of the plume, but the computational costs in their design and simulation make it infeasible

for the kind of problems considered in this work and discouraging for today’s technology

[31]. Therefore, our suggested approach constitutes, to the best of our knowledge, the first

implementation of its kind that underlies a significant novelty in analyte identification for

open sampling systems, as it utilizes distant and stationary measurements, eliminating the

need for movements within the test field or towards the source. Drawing on this premise,

our work in this paper focuses on three major aspects that have not been considered in

previous attempts. First, we introduce to the chemosensory community an innovative for-

mulation that takes benefit from the inhibitory processing mechanisms encountered in the

structural assembly of the insect’s brain, namely the Inhibitory Support Vector Machine (

ISVM) [32], to select the optimal calibration process of e-nose systems when operating in

open sensing scenarios. Our first goal thus is to provide evidence that the suggested method-

ology can be a valuable tool to guide the decision of choosing the training conditions for

a cost-efficient system calibration as well as an important step toward the understanding

of the degradation level of the sensory system when environmental conditions change. Sec-

ond, we create an analyte identification phenomenon affected by different non-predictable

environmental parameters changing with time. The suggested scenario contains clean and

representative measurements from 10 chemical agents that are highly-recognizable to pose

an immediate danger to life and health, namely, acetone, acetaldehyde, ammonia, butanol,

ethylene, methane, methanol, carbon monoxide, benzene, and toluene, recorded utilizing

chemoresistive metal oxide based chemical sensors located at different positions in the test
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field. Hence, the second goal of this study is to demonstrate that the e-nose system can

indeed be utilized to effectively represent the information contained in the sensors’ signal

response subject to such turbulent ambient to discriminate chemical analytes reliably. And

third, through the comprehensive experiments considered in this publication, we present and

make freely-available to the Chemo-sensory and artificial olfaction community a unique com-

prehensive dataset for comparison of their algorithms and tools. It is our expectation that

this posting will provide researchers in this and other fields a repository for alternative com-

petitive solutions relevant to the chemo-sensing discrimination task in open sampling systems

pursued here and/or navigation. Going forward, by utilizing introduced database along with

the proposed algorithm, we believe to be uniquely positioned in building more cost-efficient

recalibration protocols for the e-nose, which will result in more robust, more accurate, and

more stable models for the specific application at hand. In the remainder of this manuscript,

we first describe the experimental details utilized in this work, including the e-nose system,

the database and the geometry of the problem pursued in this work (Section 2). We then

outline some of the theoretical details of the ISVM methodology in Section 3, followed by

presenting the discrimination results of the proposed methodology in Section 4. Finally we

will discuss our results and present some of the concluding remarks drawn from the results

presented here in Section 5 and 6, respectively.

2. Experimental protocol

2.1. Chemical detection platform

Conductometric sensing principles, in general, have been widely studied in several types

of gas sensing schemes because they are stable in many environments and within a wide

temperature range, sensitive to many potential analytes at a wide variety of concentrations,

respond quickly and reversibly, and are inexpensive, while performing reasonably well in

discriminating chemical analytes [36]. Although they, too, have been predominantly used

in isolated settings, their high sensitivity and rapid response to a wide variety of volatiles

distinguishes them as suitable chemo-transducers for ambient conditions, especially for the

prediction problems addressed in this paper. Consistent with this approach, we designed a

general purpose chemical sensing platform containing nine portable chemo-sensory modules,

each endowed with eight commercialized metal oxide gas sensors, provided by Figaro Inc.
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[37] (see Table 1 for more details), to detect a wide variety of various analytes and follow the

changes of their concentration in the environment depicted by a chemical analyte gas plume

generated in our wind tunnel facility. The chemo-sensing principle of the sensors particularly

considered here relies on the interaction of reducing or oxidizing analyte gases at or with the

surface of the metal oxide film to cause changes in electrical conduction through the film that

is measured in form of time-series across the electrodes of the sensor, thereby exhibiting, as

a whole, a multivariate response to the different exposed odorous/odorless gas stimuli. The

sensor’s response magnitude to the chemical analyte is signaled by a change in the electrical

conductivity of the sensor film, which is tightly correlated with the analyte concentration

present on its surface; hence, changes in the analyte concentration (mostly due to patches

and eddies in the chemical plume) are reflected in the sensor response in real-time and are

the origin of the temporal resolution (i.e. fluctuations in the time series) that is desired for

the chemo- sensing task pursued here, as attested by the time series illustrated in Figure 4.

In addition to the natural characteristics (i.e., sensitivity, selectivity, relatively quick

response, and spatio-temporal resolution), the custom design of the sensing technology used

in our sensory platform makes use of two degrees of freedom to manipulate the sensing process.

The first one is architectural, in which the active surface chemistry is a decisive factor in

both the sensitivity and the selectivity of a sensing element to certain analytes. In particular,

the sensing layers used in each of our sensory modules represent six different sensitive surfaces

listed in Table 1, widening thereby the receptive field of the sensor module substantially.

The second one is the active surface temperature, which is consistently adjustable by

applying a voltage value within the admissible voltage range provided by the manufacturer

to the built-in, independently reachable heating element —that we call heater voltage VH

—available in each sensor device3. Thus, this active surface temperature a.k.a. the sensor’s

operating temperature, is an effective primary conditioning parameter of the above indicated

oxidation/de-oxidation process, which, in principle, affects all aspects of the sensor response,

including those concerning the selectivity (i.e., the sensor’s ability to encode the analyte

information), sensitivity (i.e., the sensor’s capability to sense the chemical substance at a

3The manufacturer’s guide reports that the admissible range of voltages to attain the sensor’s functioning
surface temperature is between 3.8 and 6.2 V.
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Table 1: MOX sensors included in the 8-sensor array. The manufacturer [37] adapts the sensing layer to
detect different target gases, however, all the sensors respond differently to a large number of chemicals.

Sensor type Number of units Target gases
TGS2611 1 Methane
TGS2612 1 Methane, Propane, Butane
TGS2610 1 Propane
TGS2600 1 Hydrogen, Carbon Monoxide
TGS2602 2 Ammonia, H2S, Volatile Organic Compounds (VOC)
TGS2620 2 Carbon Monoxide, combustible gases, VOC

low concentration), and, most importantly, response time of the sensor to certain analytes.

Accordingly, two identical sensors can respond substantially differently to the same analyte

when their active layers are heated at different temperature values. The reader is referred to

review Refs [35, 38, 39] for an in-depth treatment of temperature dependence on the sensor

response.

In our particular chemical sensing platform, each portable chemosensory module is inte-

grated with a customized sensor controller implemented with a microprocessor MSP430F247

(Texas Instruments Inc.). The peculiarity of this controller is that it enables continuous

data collection from the eight chemical sensors through a 12-bit resolution analog-to-digital

converter (ADC) device at a sampling rate of 100 Hz, the control of the sensor heater temper-

ature by means of 10 ms period and 6 V amplitude Pulse-Width-Modulated (PWM) driving

signals, and the two-way communication with a computer to analyze the acquired data from

sensors and control the sensor heaters. The setup provides serial data communication to

the PC via either a USB and/or one of the wireless communication modules (BlueTooth or

WiFi) connected to the sensor array controller by the UART port. Figure 1 shows a graphical

illustration of the functional block diagram of the designed sensor controller (top panel) and

an image of one of the nine fabricated sensing module units integrating our 72-dimensional

metal oxide based gas sensor platform (bottom panel).

2.2. Wind Tunnel Test-bed Facility and Data Collection

The methodology proposed in this study requires an accurate characterization of chemical

plumes in a data-driven fashion. A repository of high-quality measurements representing

different plumes is the basis of all inference tasks, from the optimization of all the arbitrary
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Figure 1: Block diagram of the chemical detection platform, which contains nine portable chemosensory
modules (up). Each chemosensory module (down) includes 8 MOX gas sensors and the necessary signal con-
ditioning electronics and can be placed in different locations of the wind tunnel. The operating temperature
of the MOX sensors is controlled by means of a PWM and the sensor resistance was indirectly measured from
a standard measuring circuit for an optimal signal conditioning (10 KΩ load resistor) before the signals are
acquired with a 12-bit resolution ADC.

parameters of the measurement field to the correct identification of the chemical event. A

wind-tunnel is a setting that enables implementing environmental conditions accurately with

minimal disturbance from external flows.
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2.2.1. Description of the Wind Tunnel Test-bed Facility

To conduct the required experiments of our study, we constructed a 2.5 m × 1.2 m × 0.4m

wind tunnel, a research test-bed facility endowed with a computer-supervised mass flow

controller-based continuous flow gas delivery system specifically designed to evaluate our

chemo-sensory platform capabilities of detecting and identifying potentially-dangerous chem-

ical gaseous substances under realistic, fairly complicated conditions of stimulation encoun-

tered in real environments. Specifically, our customized wind tunnel test-bed facility has a

flat, non-inclined floor, which enables us to disregard the altitude dimension of the test field

while preserving sufficient airflow to create a sheer, yet turbulent chemical airstream across

the wind tunnel. Additionally, the test-bed facility also contains a flexible nozzle located

upstream of the test section, constructed entirely of Polytetrafluoroethylene tubing and the

appropriate stainless-steel fitting connectors (provided by Swagelok [42]) coupled with a gas

delivery system, i.e., a fully computerized continuous flow gas delivery rig endowed with three

digital mass flow controllers (M100B Mass-Flo, MKS Instruments [43]) —each with differ-

ent maximum flow levels (200 sccm, 100 sccm, and 20 sccm; accuracy ± 1% Full scale) for

accurate concentration resolution, which together with calibrated pressurized gas cylinders

(provided by Airgas Inc. [44]) is utilized to consistently provide the annotated test section

with the potentially-dangerous chemical substances of interest at relevant concentrations.

Being operated by a fully computerized environment —controlled by a player/stage robot

server software [45] programmed on C++ on a PC fitted with the appropriate serial cards—

and with minimum human intervention, the designed wind tunnel test-bed facility provides

versatility in releasing the chemical substances of interest at the desired concentrations with

high accuracy and in a highly reproducible manner during the entire experiment and simul-

taneously in preserving the appropriate environmental conditions to generate chemical gas

plumes exhibiting turbulent patterns. A graphical illustration of the designed wind tunnel

test-bed facility considered in this study along with the characteristics of the geometry of

the problem as well as the exact locations of the chemical analyte source and chemo-sensory

platform is presented in Figure 2. Actual pictures of the designed wind tunnel are shown in

the Supplementary Material, Figure S.1.

The resulting test-bed facility operates in a propulsion open-cycle mode, by continuously

drawing external turbulent air into and throughout the tunnel and exhausting it back to the
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Position label P 1 P 2 P 3 P 4 P 5 P 6
x− axisdistance (m) 0.25 0.5 0.98 1.18 1.40 1.45

Figure 2: Wind tunnel test bed facility used to collect time series data from sensor arrays for the problem of gas
identification. The displacements of the 6 training lines are labeled in the schema as P1-P6. Each training line
includes 9 landmarks evenly distributed along the line to complete a grid of 54 evaluation landmarks. Notice
also that the smoke distribution shown in the wind tunnel is a dramatization that illustrates the dispersion
mechanisms of the gas emissions within the wind tunnel. Finally, to measure the ambient temperature and
humidity during the entire experiment in the wind tunnel we utilized a sensor tagged by the manufacturer,
Sensirion, as SHT15.

outside, thereby creating a relatively less-turbulent airflow moving downstream towards the

end of the test field. This operational mode is particularly crucial for applications that require

injecting chemical poisonous agents or explosive mixtures because it prevents saturation. To

create various distinct artificial airflows in the wind tunnel, we utilize a multiple-step motor-

driven exhaust fan located inside the wind tunnel at the outlet of the test section rotating at

different constant rotational speeds, ranging from 1500 rpm (25 Hz) to 5500 rpm (91.66 Hz).

To maximize data quality, the above described facility is controlled and monitored by a

digital distributed control system, operated and pre-programmed on the C++player/stage

robot server software outlined above. Unique in testing the chemo-sensing capabilities of

our customized sensory platform in multiple-speed continuous air streams, the said facility

includes, on one side, two state-of-the-art 2D Ultrasonic Anemometers (wind speed: operating

range 0 − 60 m/s, accuracy ±2 % of the reading; wind direction: operating range 0 to 359

degrees, accuracy ±3 degrees), provided by Gill Windsonic [46], each strategically placed at

different equidistant positions at the vertices of a measurement grid within the test section and

with an equally distributed spacing of 0.25 m and 0.20 m along the x- and y-axis, respectively,
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used to visualize and quantitatively characterize the generated airflows in the wind tunnel.

The average induced wind speeds are collected from the said anemometers in the test field,

processed, and visualized in a graphical format at an update rate of once-per-second during

100 s. Being able to operate at, and reach such rotational speeds rapidly and reliably, the

tunnel exhaust fan can consistently induce air streams at different speeds of up to 0.34 m/s,

thereby potentially generating different, yet reproducible turbulent flow patterns. Figure 3

illustrates quantitative characterizations of the wind direction and variance of three generated

wind flow speeds —0.10 m/s, 0.21 m/s, and 0.34 m/s— induced by three different rotational

speeds of the exhaust fan of 1500 rpm (25 Hz), 3900 rpm (65 Hz), and 5500 rpm (91.66 Hz),

respectively4. As observed, each of the three particular wind flow velocities exhibits different

patterns in the flow in terms of wind direction and variability, demonstrating thereby the

sharp effects of the magnitude of the velocity of the air stream in the test section to produce

different turbulent motion patterns in the wind tunnel. On the other side, the facility is

also equipped with a temperature and relative humidity sensor module, SHT15 (provided by

Sensirion [47]), which is available to control and monitor the environmental conditions of the

wind tunnel during the creation of the experiments 5. This control data is transferred back

to and displayed in the computerized control platform outside the wind tunnel for further

processing.

2.2.2. Dataset and Measurement Procedure

We compiled a very extensive dataset6 utilizing nine portable sensor array modules, each

endowed with eight metal oxide gas sensors manufactured by Figaro Inc. [37] (cf. Table 1

for specifics of the types of chemical sensors utilized), positioned at six different line lo-

cations normal to the wind direction, creating thereby a total number of 54 measurement

locations —that we call uniform measurement grid— uniformly distributed throughout the

entire wind tunnel test-bed facility, as illustrated in Figure 2. In particular, our dataset

4From now on, we will refer to low, medium, and high wind speed to the three generated wind flow speeds.
5The values of the actual temperature and humidity of the environment were not controlled in the wind

tunnel; however, they were recorded along the entire experiment and have been included in the database. The
corresponding mean and standard deviation values of the whole set of experiments are T = 22.2 ◦C ± 1 ◦C
and RH = 57 % ± 10 %

6The dataset will be made available at the UCI repository at http://archive.ics.uci.edu/ml/ upon accep-
tance of the manuscript.
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(a) fan speed = 25Hz (b) fan speed = 25Hz

(c) fan speed = 65Hz (d) fan speed = 65Hz

(e) fan speed = 91.66Hz (f) fan speed = 91.66Hz

Figure 3: Average and variance wind direction measured at a lattice of 60 points in the wind tunnel. The
exhaust fan rotational speed was set to three different values 1500 rpm (25 Hz), 3900 rpm (65 Hz), and
5500 rpm (91.66 Hz) to induce three different wind flow speeds that were measured and characterized by the
anemometers, obtaining the following mean and standard deviation across the wind tunnel: 0.10 ±0.004 m/s,
0.21 ± 0.005 m/s, and 0.34 ± 0.009 m/s, respectively.

consists of a very extensive selection of multiple mission/scenario-representative chemical

analyte species, namely, acetone, acetaldehyde, ammonia, butanol (butyl-alcohol), ethylene,

methane, methanol, carbon monoxide, benzene, and toluene, which in addition to their in-

dustrial applications as precursors in the manufacture of explosives, narcotics, and polymers,

these chemical agents are highly-recognizable to pose an immediate danger to life and health

in public and military places [48]. We call the proposed dataset/problem scenario the detec-

tion and classification of high-priority chemical hazards dataset task, and it is motivated by

two different, exemplary mission scenarios proposed by the Department of Defense (DoD) for
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Table 2: Gases and corresponding concentrations at the outlet of the gas source. All the chemicals are
released at a constant flow of 320 sccm.

Gas Name Molecular formula Concentration
Acetone C3H6O 2500 ppm
Acetaldehyde C2H4O 500 ppm
Ammonia NH3 10000 ppm
Butanol C4H9OH 100 ppm
Ethylene C2H4 500 ppm
Methane CH4 1000 ppm
Methanol CH4O 200 ppm
Carbon Monoxide CO 1000 ppm/4000 ppm
Benzene C6H6 200 ppm
Toluene C7H8 200 ppm

the development of chemo-sensing solutions and standards for early warning and protection

of military forces against potential chemical and biological attacks, namely, the Force Protec-

tion —featured by the Movement to Contact and Deliberate Defensive scenarios— and the

Fixed Facility Situation —which is represented by the External Attack on a Fixed Facility

and Internal Attack on a Fixed Facility scenes7. The proposed dataset ultimately induces

a ten-class gas discrimination problem, in which the goal is to identify and discriminate the

ten distinct, high-priority chemical analyte hazards at relevant concentrations in real-world

operating environments regardless of the location of the sensory system platform within the

annotated wind tunnel test-bed facility. The entire list of chemical analyte hazards as well

as their nominal concentration values at the outlet of the gas source in parts-per-million by

volume (ppmv) utilized in the dataset considered in this work is summarized in Table 2.

To construct our proposed dataset, we utilized the aforementioned wind tunnel tests-bed

facility, into which the gaseous substances of interest are to be unrestrictedly released, resem-

bling thereby the realistic, fairly complicated conditions of stimulation encountered in real

environments. Because different arbitrary parameters from the sensing test-bed setting are

available to be tailored primarily at the operational level, we began constructing our dataset

by predefining the context of the problem in a restricted number of pre-established condition-

ing parameters. First, because the heater voltage (VH), i.e., the active sensitive surface tem-

7Although we recognize that the proposed scenarios do not include all plausible chemo-sensing scenarios
or spectrum of challenges pursued by the DoD, they do provide an exemplary setting by which to describe
parameter values in terms of key sensor metrics to address present concerns of the DoD for various scenarios.
A more in-depth discussion of the selected scenarios can be found in [49]
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perature, is highly-recognizable as a primary conditioning parameter of the sensing technol-

ogy, we predefined five different individual operating temperatures within the admissible tem-

perature range suggested by the manufacturer, each attained by setting five distinct constant

voltage values to the heating element of the sensors VH ε {4.0 V, 4.5 V, 5.0 V, 5.5 V, 6 V }8.

Second, we restricted our measurement setting to operate at three distinct airflows velocities

—0.10 m/s, 0.21 m/s, and 0.34 m/s— each individually induced by setting the above-

mentioned exhaust fan to operate at three different rotational speeds: 1500 rpm (25 Hz),

3900 rpm (65 Hz), and 5500 rpm (91.66 Hz), respectively. Once these conditioning param-

eters were established for our setting, we continue our experiments by adopting the following

procedure. First, we positioned our chemo-sensory platform in one of the fixed line positions

indicated in the wind tunnel (see Figure 2), and set the platform’s chemical sensors to one of

the above predefined surface operating temperatures. One of the predefined artificial airflows

is then individually induced into the wind tunnel by the aforementioned exhaust fan, gen-

erating thereby the turbulent airflow within the test section of the wind tunnel. This stage

constitutes a preliminary phase, which was implemented, both to reach a quasi-stationary

situation between the airflow and remaining ambient conditions within the wind tunnel defin-

ing the background of our experiments, and to measure the baseline of the sensor time series

data before the actual exposure of the chemical analyte get started for exactly 20 s. We then

randomly selected one of the ten described chemical hazards (cf. Table 2) and released it into

the tunnel at the source location landmark indicated in the Figure 2 for as close to exactly

three minutes as possible for the computer platform controlling the three MFC at maximum

flow, thereby allowing the chemical analyte to circulate throughout the wind tunnel while

recording the generated sensor time series data in response to the chemical analytes. Note

that the chemical gas exposures are held at the source mark in the tunnel directly from a

nozzle connected to the outlet of a set of MFCs through a flexible pipeline containing the

targeted gas at the nominal concentration specified on each pressurized cylinder. Therefore,

the concentration dosage reported in Table 2 for this particular work represents only the

concentration at the outlet of the gas source rather than all the magnitudes, or average of

8We do not have access to the actual sensing surface operating temperature due to the packaging of the
sensor device, but a one-to-one look-up table mapping relating the said active surface temperature to the
heater voltage (VH) is obtainable upon request from the manufacturer in ref. [37].
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concentration levels observed by the sensors deployed in the wind tunnel, which in principle

should disperse as time passes by. After that step, the chemical analyte was removed and

the test section was ventilated utilizing outside clean air circulating through the sampling

setting at the same wind speed for another minute. Before and after each experiment, the

wind tunnel was operated at maximum speed (i.e., 0.34 m/s, induced by the exhaust fast

at 5500 rpm (91.66 Hz)) for two more minutes (data not recorded) to reestablish the sensor

response baseline. In the end, the acquisition of the entire measurement experiment cycle

took approximately 260 seconds to complete, i.e., the baseline recordings, gas exposure, and

cleaning recovery phase, recorded at a sampling update rate of 100 Hz (see Figure 4 for a

visualization of a typical time series response after a complete measurement was performed).

This measurement procedure was reproduced exactly for each gas category exposure, land-

mark location in the wind tunnel, operating temperature, and airflow velocity in a randomly

order and up until all pairs were covered. The resulting dataset in the end comprises 18000 72-

dimensional9 time series recordings —each dimension corresponding to each sensor utilized—

observed from the 20 replicas collected for each operating parameter and at each of the points

covered in the wind tunnel, and took us close to 16 months to be compiled. Finally, note

that although different induced wind speeds strongly influence the structure and spatial dis-

tribution of the generated gas plumes —in the sense that slow fan speeds induce less stable

patterns of the air flow direction, resulting in wider gas plumes, whereas faster velocities in

the wind generate narrower gas plumes— there is no symmetry in the spatial distribution

of the plume with respect to the main axis (i.e., the line connecting the chemical analyte

source to the exhaust). A plume demonstrating a perfect symmetry in real environmental

conditions is rare due to the existent non-symmetry of the volume enclosing the field, the

inhomogeneous temperature in the ambient, and the variability of the flow direction. In the

setup phase of the data collection we found in all trials that the elected features evaluated

at symmetry coordinates were strictly different. And yet, as we will demonstrate below, this

non-symmetry plume structure is reproducible so that the predictions can be extended in

time by referring to earlier observations at the same environment.

9The total number of measurements is distributed as follows: 3 different wind speeds × 5 different sensors’
temperatures × 10 gases × 6 locations in the wind tunnel × 20 replicas
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3. Inhibitory SVM

Support Vector Machine (SVM) is a machine learning technique that builds a model

based on a training dataset to classify the elements of another dataset of interest, called

validation dataset. Even if SVM is essentially a binary classifier, traditionally, it has been

extended to multi-class problems by building a classifier for each pair of classes (one versus

one strategy) or a classifier for each class with respect to the rest of the samples (one versus

all strategy). However, in this work we are using a variation of SVM —called Inhibitory

SVM (ISVM) [32]— to provide a more robust multi-class classifier inspired by the inhibition

process present in animal neural systems. The result is a classifier more robust to the selection

of the metaparameters when the models are built with small number of training examples.

ISVM trains one classifier, fj, for each of the classes j = 1, ..., L. Then, ISVM essentially

compares the classifier for class j to the average of the output of all the classifiers, whereas

traditional multi-class SVM methodologies perform pairwise comparisons. However, in the

ISVM methodology and likewise in the SVM approach, slack variables [50] are also included

in the function to be optimized to increase the flexibility of the model, and the standard

kernel trick [51] is utilized to improve the accuracy of the classifier for non-linear datasets

using a gaussian kernel. Therefore, there are still two metaparameters to be selected for

a better accuracy of the classifier: the cost parameter C that controls the contribution of

the missclassified samples during the training, and γ that defines the bandwidth of the

gaussian kernel function. To optimize the metaparameters selection, we used a software

written in C/C++ that provides the error in the cross-validation to estimate the accuracy of

the classifier. We searched the optimal values of the metaparameters in the 4x4 grid defined

by γ ε { 0.01, 0.05, 0.1, 1.0 } and C ε { 10, 100, 1000, 5000 } by minimizing the error in

the cross-validation. More details on the ISVM methodology along with the utilized C/C++

software can be found in Ref. [32].

4. Results

4.1. Sensor in a turbulent plume

The complete chemo-sensory platform consists of nine sensor arrays, each of them com-

posed of eight sensors, for a total of 72 sensors contained in the complete platform. The
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units can be positioned in 6 different lines orthogonal to the wind direction and covering

the entire wind tunnel. Hence, the chemical detection platform is working in a turbulent

sampling system, where the sensors are exposed to different airflow conditions that change

the distribution of the gas of interest in the sampled area. Figure 4 shows the multivariate

response of the MOX gas sensor array when exposed to Methane.

Figure 4: Multivariate response of the MOX gas sensor array when Methane is released in the wind tunnel.
The sensors’ responses are affected by the air turbulence present in the wind tunnel by causing fluctuations
in the acquired signals. The sensor array is placed in a representative position of the wind tunnel (0.98 m
from the gas source, in the axis of the chemical plume). The experimental protocol carried out to acquire the
signals of the sensors under different conditions consists of (i) Set the operating temperature and location of
the sensors and the wind speed of the fans. (ii) During 20 s, measure the baseline of the sensors’ signal while
no chemical compound is released. (iii) Release the chemical compound during 3 minutes. (iv) 1 minute
circulating clean air to acquire the sensors’ recovery signals. (v) 2 additional minutes purging at maximum
wind speed to clean the wind tunnel. Each measurement is considered to finish in point (iv) since the sensors’
signals are not recorded during the execution of point (v)

Figure 5 shows the maximum of the normalized response (to the maximum signal to make

the data lie between 0 and +1) to Ammonia of the individual sensors when located at different

positions of the wind tunnel and air circulates at low or high speed. The measured Ammonia

plume shows the similar properties as the measured plume by Justus et al.[34], where an

increase in plume size results in a progressive reduction of the measured gas concentration.

The comparison between Figure 5 (upper) and Figure 5 (bottom) shows qualitatively how the
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different air circulation in the wind tunnel affects the measured gas distributions: 1) the gas

plume becomes wider for low wind speed conditions, and 2) sensors tend to present weaker

responses when exposed to higher wind speeds due to the drop in the concentration of the

gas of interest caused by the increase of the carrier gas flow. Therefore, we can conclude that

MOX gas sensors are influenced differently by the distinct wind conditions and the prediction

models may be affected when tested in changing environmental conditions.

Figure 5: Normalized sensor response to ammonia when the chemical detection platform is placed in different
locations of the wind tunnel. The gas source is placed in front of board #5 and line #1. The air flows from
left to right. Lower wind speed (upper) and higher wind speed (bottom). The variations in the air conditions
change the gas plume and the system predictions may be affected. VH = 6 V .
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4.2. Single position training

The collected dataset —composed of ten different classes— was divided into a training

subset to build an optimal computational model for the e-nose system, and into a validation

subset to test the accuracy in the predictions of the complete system. We selected the optimal

values of C and γ by minimizing the cross-validation in the 4x4 grid defined by γ ε { 0.01,

0.05, 0.1, 1.0 } and C ε { 10, 100, 1000, 5000 }. However, the ISVM methodology shows high

robustness in the selection of the metaparameters, as shown in Table 3, where the estimated

accuracy of the classifier remains high for a broad selection of C and γ.

Table 3: Cross-validation for different selection of the metaparameters C and γ. The ISVM methodology is
robust for a broad selection of metaparameters. Training in row #6, VH = 6 V , low wind speed.

C values γ values
0.01 0.05 0.1 1

10 73.89 69.06 70.24 92.03
100 65.31 79.86 89.10 96.13
1000 81.83 93.18 98.21 98.15
5000 88.15 95.48 97.89 97.01

In order to find the best location to train the complete platform while having good

accuracy in the system predictions across the entire wind tunnel, we trained the complete

platform in each of the lines and validated the model in the rest of the considered locations.

Thus, we built a model —searched the optimal C and γ— for the complete platform in one

line, and evaluated the accuracy in the predictions of the built model using the data acquired

in the rest of the locations. We repeated the same methodology to quantify the degradation

of the system when the active layer of the sensors is at different temperatures and when the

system is exposed to different wind conditions. Figure 6 and Table 4 show the degradation in

the predictions of the e-nose system —for the three considered wind speeds and when 5 V are

constantly applied to the sensor heaters— when it is validated in a different location than it

was previously trained. Figures A.1-A.4 and Tables A.1-A.4 show the same tendencies when

the operating temperature of the sensor is different. Figure 7 shows the mean accuracy in the

models’ predictions when they are trained in one location and validated in other positions.

The changes in the gas plume produced by different wind conditions applied in the tunnel

significantly alter the performance of the models when tested at different locations than

the training position. However, the degradation of the systems trained in the same line is
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Figure 6: Accuracy of the e-nose system trained in one line and tested in the rest of the considered lines of
the wind tunnel. The system is exposed to three wind speeds (0.1 m/s, 0.21 m/s, 0.34 m/s). VH = 5 V

similar when the sensors are operating at different temperatures or are exposed to different

wind conditions: the models trained in line #4 (about the middle of the wind tunnel) show

better robustness when are tested in the rest of the wind tunnel, especially at higher sensor

operating temperatures and wind speeds. On the other hand, the models trained in the line

just in front of the source have low prediction accuracy when are extended to other locations.

This is due to the particular geometry of the wind tunnel and the gas circulation inside of it

that make the plume too narrow in line #1 to be recognized in the other lines of the tunnel.

We compared the similarity of the different models trained at different locations by mea-

suring the correlation of the respective accuracies in the different locations. From Figure 8

we can conclude that the model based on line #1 is significantly different from the rest of the

models built and thereby its robustness is lower compared to the other models. Moreover,

there is gradual degradation of the performance when testing further away from the training

site.
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Table 4: Accuracy of the e-nose system trained in one line and tested in the rest of the considered lines of
the wind tunnel. The system is exposed to three wind speeds (0.1 m/s, 0.21 m/s, 0.34 m/s). VH = 5 V .

Training row Wind Speed (m/s) Mean (Min, Max)

1
0.10 36.48 (15.68, 99.84)
0.21 36.07 (9.73, 99.90)
0.34 43.30 (9.19, 99.92)

2
0.10 62.63 (34.05, 98.32)
0.21 62.14 (35.61, 97.60)
0.34 62.95 (33.17, 96.81)

3
0.10 66.74 (39.51, 99.99)
0.21 69.11 (48.29, 100)
0.34 68.05 (50.24, 99.94)

4
0.10 74.25 (51.89, 99.98)
0.21 80.80 (64.88, 99.32)
0.34 80.22 (61.46, 99.75)

5
0.10 69.58 (46.34, 98.82)
0.21 66.11 (36.59, 99.24)
0.34 66.88 (40.49, 98.75)

6
0.10 66.45 (45.37, 98.21)
0.21 65.60 (35.12, 99.99)
0.34 71.05 (46.34, 99.99)

Figure 7: Average accuracy of the models trained in one row and validated in the rest of the positions. The
models are trained and validated at the same sensors’ temperature and wind speed. Models trained in rows
#1 and #2 show poor performance when are used to predict the gas class in other positions, while models
trained in row #4 can be extended to other locations.
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Figure 8: Correlation between the prediction of models trained in one location and evaluated in all the rows.
The model trained in line #1 is significantly different to the rest of the models, for both low wind speed
(left) and high wind speed (right), and thereby the robustness of the models trained in #1 is limited when
the system is tested in other locations.
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4.3. Multiple position training

As we uncovered in the previous section, one single location for training the enose might

be sufficient if we know that the operating testing location. The sensor array should be

located in the vicinity on the training site. The question now is how we can improve the

robustness of the sensor array. A natural manner to confront these problems is to train in

several locations of the wind tunnel, even if this strategy has a higher associated cost due to

the effort to collect data in the different locations. In order to explore the robustness of the

system when it is trained in several wind tunnel locations, we built new models trained with

data acquired in various locations.

Each new model obtained from the new training conditions was tested in all the locations

of the wind tunnel. In particular, we built one model trained in all the considered lines of

the wind tunnel, and three models trained in two lines (1—6, 2—5, or 3—4). Figure 9 shows

the accuracy of the corresponding models when the sensors are operating at 6 V and the

wind speed is 0.21 m/s. The accuracy of the model drops when it is tested in a position

not included in the training set, however, the same tendency of the models is reproduced

for different sensors’ operating temperatures and wind conditions (see Figures A.5 and A.6).

Table 5 shows the minimum, maximum, and average accuracy of the models when trained

and validated in different locations. For all the different models, the e-nose systems show

high accuracy in the predictions in the lines where the model was previously trained. In

particular, the model trained in all the lines shows high performance in all the positions

of the wind tunnel, while the other models show a significant drop when tested in other

locations than trained. Therefore, we can conclude that the robustness of the system is

consistently improved when increasing the number of locations where the model is trained.

Hence, the user can select the number of lines to include in the system calibration according

to the resources, the available time to collect data, and the needed accuracy in all the area

of interest.

In Table 5 we show that the best average performance can be achieved training the sensor

arrays at the very beginning of the wind tunnel (line # 1) and at the end (line #6), which

contrasts with the results shown in the previous section training for one single line location.

Tables A.1-A.4 show that line #1 leads to the worst possible performance. The combination

of the worst location with a decent performer (note that it is not the best) leads to the best
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overall performer in combination.

Figure 9: Accuracy of the e-nose system when it is trained in all the lines, or in two lines (1—6, 2—5, or
3—4). Applied voltage in the sensor heater: VH = 6 V | Wind speed = 0.21m/s

Table 5: Accuracy of the models when are trained in several positions and validated in all the lines of the
wind tunnel. The robustness of the e-nose system is increased by training the system in more locations
(no significant drop in the minimum of the system accuracy). When the system is trained in two different
locations, the best pair of training positions (indicated in bold) are at the beginning of the tunnel (P1) and
at the very end (P6).

Parameters Training positions Mean (Min,Max)

VH = 4 V ; Wind = 0.10m/s

All 87.14 (84.47,92.23)
P1 and P6 75.91 (62.14,98.06)
P3 and P4 73.33 (41.94,99.03)
P2 and P5 70.51 (56.31,92.23)

P3 68.40 (40.98,99.84)

VH = 4 V ; Wind = 0.34m/s

All 92.64 (85.44,99.03)
P1 and P6 83.98 (59.22,100)
P3 and P4 78.83 (54.37,100)

P4 75.91 (52.20,99.38)
P2 and P5 67.75 (47.31,91.26)

VH = 6 V ; Wind = 0.21m/s

All 96.55 (95.1500,97.09)
P1 and P6 89.15 (79.61,100)
P3 and P4 82.33 (58.06,100)

P4 80.81 (65.37,99.85)
P3 and P5 73.92 (48.39,98.06)
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4.4. Multiple wind speed training

The operating temperature of commercial MOX gas sensors can be easily controlled by

applying the selected voltage on the built-in heater. However, in open sampling systems,

the wind conditions are hardly controlled and any variation on the air flow may affect the

predictions of the system.

We tested the degradation of the system when the air flow is different than the training

conditions. In particular, we evaluated the performance of the model trained at medium

wind speed (0.21 m/s) and in line #4 when exposed to low (0.1 m/s), medium (0.21 m/s)

or high (0.34 m/s) wind speed. Figure 10 shows the accuracy of the system and the drop in

the performance when the wind conditions are changed. The accuracy of the e-nose system

degrades as it is tested further from line #4. However, in all the considered testing positions,

the performance of the system decreases systematically when the tested wind conditions

change with respect to the training conditions. We trained a system at the three considered

wind speeds to quantify the improvement in the robustness of the system. From Figure 10

we can conclude that the accuracy of the system remains high when the sensors are exposed

to any of the wind speeds used in the training and, thereby, the robustness of the system is

improved. This is perhaps not such a surprising conclusion but we had to verify that mutliple

speeds improve overall performance of the enose or sensor array.

Table 6 presents a comparison between the accuracy of the models trained at one specific

wind speed and validated at different wind speeds with the performance of the model trained

at three wind speeds. The accuracy of the model decreases significantly when the wind

speed in the test conditions is not included in the training conditions. However, when the

model is built using the three different wind speeds, the accuracy of the system remains high.

Therefore, in order to increase the robustness of the system against air flow variations, one

may want to train the system in all the expected system conditions.

5. Discussion

In this paper we presented a methodology based on ISVM to evaluate the accuracy in the

gas discrimination predictions of an e-nose system. We showed that the most robust strategy

is to train in all the locations of interest and under all the possible environmental conditions.
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Figure 10: Accuracy of the e-nose system trained in line #4 under one wind speed (0.21 m/s, solid lines) or
considering the three wind speeds (0.1 m/s+ 0.21 m/s+ 0.34 m/s, dashed lines). The models are validated
at high wind speed (green), medium wind speed (blue) and low wind speed (red). Applied voltage in the
sensing layer: VH = 5 V .

Table 6: Accuracy of the e-nose system trained in line #4 under one single wind speed or considering the
three wind speeds. The models are validated at the three wind speeds. The model trained at different speeds
show higher robustness. VH = 5 V .

Training
Validation

0.10m/s 0.21m/s 0.34m/s
mean min max mean min max mean min max

0.10m/s 74.25 51.89 99.98 72.75 54.05 99.51 54.66 42.44 74.63
0.21m/s 69.29 42.44 97.07 80.80 64.88 99.32 70.20 52.43 92.68
0.31m/s 66.12 43.41 85.85 78.48 61.95 94.15 80.22 61.46 99.75

All 76.69 51.35 100.00 82.73 65.85 100.00 81.85 63.78 99.03

However, due to time and cost restrictions, the system can often only be trained under a

subset of all these possible conditions.

If we are constrained to a one single position calibration, we showed that the accuracy

in the e-nose predictions is optimal in the middle transverse line of the wind tunnel. This

position is the most informative position. We also showed that the system performance is

affected by the wind speed used during training, and again, if the system can only be trained
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under one wind speed, the performance is maximal when the medium wind speed is used

for training. We found that the low wind speed generates a significantly different plume

compared to medium and high wind speeds and the predictions of a system trained under

low wind speed conditions are impaired when extended to higher wind speeds.

If the system can be trained in two different positions, the accuracy of the system is best

when it is trained in the two locations featuring the highest variability (first and last lines).

This contrasts with the solution obtained for one single location transversely to the tunnel.

Although the training position is more significant than the sensors’ operating temperature

when evaluating the ability of the e-nose system to predict the nature of new samples, we

also found that the e-nose system shows higher performance when the sensors are operating

at a higher temperature. Although information-theoretic approaches have been presented

to chose the optimal operating temperature of MOX sensors [38, 39], further work includes

a more systematic study to select the sensors’ operating temperature and maximize the

discrimination accuracy of open sampling systems.

The optimal training conditions depend on the environmental conditions of the area of

interest and their variations, while the optimal locations for training the system are dependent

on the different points of interest and the air circulation in the room. There is still a trade

off between the effort/cost carried out to calibrate the system and the accuracy of the e-nose.

However, we showed that our methodology can quantify the degradation of the predictions

when the system is working under new conditions and guide the decision of choosing the

number and position of the chemical sensing devices.

We made publicly available a database containing the multivariate responses of a MOX-

sensor-based chemical sensing platform operating in a turbulent wind tunnel. The complete

database is unique of this kind since it reproduces, on the one hand, the uncontrolled environ-

mental conditions of open sampling systems by circulating the gas sample at different flows

and, on the other hand, the controlled operating conditions of MOX sensors by changing the

temperature of the sensing layer. The dataset includes the recordings of the sensors at sev-

eral locations of the built wind tunnel when exposed to ten different gases of special interest

for a total of 18000 different measurements. We believe the generated database will be of a

high value for the Artificial Olfaction community for the comparison of different algorithms

when exploring new techniques to overcome the variation of the environmental conditions,
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search for the best position of the sensing platform, or monitoring the air conditions in open

environments.

6. Conclusions

We presented a methodology that can be considered as a proof of concept to evaluate the

performance of sensor arrays working in open sampling systems. We validated our method-

ology discriminating 10 different gases at various concentrations. Our results show that the

sensor array which is always calibrated forming a line nearly perpendicular to the wind di-

rection should be trained in the most representative location which is the middle of the wind

tunnel at different wind speeds. In contrast, if two arrays can be used, the best calibration

sites are the ones that induce the highest variability of the sensor responses, which are at

the beginning of the tunnel and at the very end. If several wind speeds are available, the

recommendation is to use several. If the experimental time is limited, lower speeds should

be avoided. In terms of sensor temperature, higher sensor temperatures are best.
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Appendix

Figure A.1: Accuracy of the e-nose system trained in one line and tested in the rest of the considered lines
of the wind tunnel. The system is exposed to three wind speeds (0.1 m/s, 0.21 m/s, 0.34 m/s). VH = 4 V .

Table A.1: Accuracy of the e-nose system trained in one line and tested in the rest of the considered lines of
the wind tunnel. VH = 4 V .

Training row Wind Speed (m/s) Mean (Min, Max)

1
0.10 33.71 (14.05, 98.98)
0.21 33.73 (13.51, 99.66)
0.34 43.07 (24.32, 98.51)

2
0.10 58.01 (34.59, 88.60)
0.21 61.24 (34.05, 94.90)
0.34 60.30 (35.14, 94.92)

3
0.10 68.40 (40.98, 99.84)
0.21 74.94 (42.93, 99.94)
0.34 73.85 (50.73, 99.99)

4
0.10 66.96 (25.85, 98.12)
0.21 77.79 (63.90, 99.95)
0.34 75.91 (52.20, 99.39)

5
0.10 65.71 (43.90, 98.22)
0.21 65.30 (31.22, 99.33)
0.34 70.39 (46.83, 98.29)

6
0.10 60.34 (25.37, 96.19)
0.21 65.85 (36.10, 99.99)
0.34 68.12 (44.88, 99.97)
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Figure A.2: Accuracy of the e-nose system trained in one line and tested in the rest of the considered lines
of the wind tunnel. The system is exposed to three wind speeds (0.1 m/s, 0.21 m/s, 0.34 m/s). VH = 4.5 V

Table A.2: Accuracy of the e-nose system trained in one line and tested in the rest of the considered lines of
the wind tunnel. The system is exposed to three wind speeds (0.1 m/s, 0.21 m/s, 0.34 m/s). VH = 4.5 V .

Training row Wind Speed (m/s) Mean (Min, Max)

1
0.10 40.80 (14.59, 99.97)
0.21 35.79 (11.89, 99.98)
0.34 42.72 (24.32, 99.36)

2
0.10 62.26 (36.22, 95.92)
0.21 61.66 (36.76, 97.14)
0.34 61.73 (38.92, 97.33)

3
0.10 63.50 (40.98, 99.44)
0.21 73.89 (41.95, 99.94)
0.34 68.53 (47.80, 99.89)

4
0.10 71.06 (40.54, 99.99)
0.21 78.35 (61.62, 98.75)
0.34 79.08 (51.22, 99.74)

5
0.10 65.26 (45.85, 98.39)
0.21 72.32 (38.54, 98.72)
0.34 66.54 (32.20, 99.20)

6
0.10 67.96 (41.46, 98.54)
0.21 64.63 (33.17, 99.99)
0.34 67.31 (41.95, 99.99)
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Figure A.3: Accuracy of the e-nose system trained in one line and tested in the rest of the considered lines of
the wind tunnel. The system is exposed to three wind speeds (0.1 m/s, 0.21 m/s, 0.34 m/s). VH = 5.5 V .

Table A.3: Accuracy of the e-nose system trained in one line and tested in the rest of the considered lines of
the wind tunnel. The system is exposed to three wind speeds (0.1 m/s, 0.21 m/s, 0.34 m/s). VH = 5.5 V .

Training row Wind Speed (m/s) Mean (Min, Max)

1
0.10 38.74 (12.97, 99.97)
0.21 36.14 (9.19, 99.90)
0.34 46.77 (7.57, 99.90)

2
0.10 62.74 (35.68, 99.34)
0.21 64.97 (43.78, 96.83)
0.34 63.80 (40.54, 96.94)

3
0.10 68.47 (42.16, 99.93)
0.21 70.09 (49.27, 100)
0.34 70.09 (49.76, 99.94)

4
0.10 71.71 (46.49, 99.88)
0.21 76.66 (50.24, 99.43)
0.34 78.02 (53.66, 98.74)

5
0.10 66.02 (41.46, 99.13)
0.21 67.61 (33.17, 99.80)
0.34 68.80 (46.83, 99.31)

6
0.10 68.50 (40.49, 99.29)
0.21 68.86 (46.34, 99.99)
0.34 71.86 (45.85, 99.99)
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Figure A.4: Accuracy of the e-nose system trained in one line and tested in the rest of the considered lines
of the wind tunnel. The system is exposed to three wind speeds (0.1 m/s, 0.21 m/s, 0.34 m/s). VH = 6 V .

Table A.4: Accuracy of the e-nose system trained in one line and tested in the rest of the considered lines of
the wind tunnel. The system is exposed to three wind speeds (0.1 m/s, 0.21 m/s, 0.34 m/s). VH = 6 V .

Training row Wind Speed (m/s) Mean (Min, Max)

1
0.10 35.78 (11.35, 99.98)
0.21 34.65 (8.11, 99.34)
0.34 49.29 (8.11, 99.84)

2
0.10 65.87 (35.68, 97.14)
0.21 63.32 (34.05, 99.07)
0.34 63.24 (34.59, 98.02)

3
0.10 65.14 (42.16, 99.93)
0.21 73.11 (53.66, 99.99)
0.34 67.99 (51.22, 99.96)

4
0.10 72.16 (44.32, 99.89)
0.21 80.81 (65.37, 99.85)
0.34 77.40 (65.37, 99.83)

5
0.10 63.79 (41.46, 98.79)
0.21 71.15 (52.20, 99.07)
0.34 69.37 (42.93, 98.82)

6
0.10 68.08 (37.56, 99.25)
0.21 69.02 (46.34, 99.99)
0.34 72.11 (46.34, 99.99)
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Figure A.5: Accuracy of the e-nose system when it is trained in all the lines, or in two lines (1—6, 2—5, or
3—4). Applied voltage in the sensor heater: VH = 4 V | Wind speed = 0.10m/s

Figure A.6: Accuracy of the e-nose system when it is trained in all the lines, or in two lines (1—6, 2—5, or
3—4). Applied voltage in the sensor heater: VH = 4 V | Wind speed = 0.34m/s
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Supplementary Material

Figure S.1: Wind tunnel test bed facility used to collect time series data from sensor arrays. The wind speed
and wind direction were measured using anemometers, which were removed from the wind tunnel during gas
measurements.
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