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Abstract: In this research, a compact electronic nose (e-nose) based on a shear horizontal surface
acoustic wave (SH-SAW) sensor array is proposed for the NO2 detection, classification and discrimination among some of the most relevant surrounding toxic chemicals, such as carbon monoxide (CO),
ammonia (NH3 ), benzene (C6 H6 ) and acetone (C3 H6 O). Carbon-based nanostructured materials
(CBNm), such as mesoporous carbon (MC), reduced graphene oxide (rGO), graphene oxide (GO)
and polydopamine/reduced graphene oxide (PDA/rGO) are deposited as a sensitive layer with
controlled spray and Langmuir–Blodgett techniques. We show the potential of the mass loading and
elastic effects of the CBNm to enhance the detection, the classification and the discrimination of NO2
among different gases by using Machine Learning (ML) techniques (e.g., PCA, LDA and KNN). The
small dimensions and low cost make this analytical system a promising candidate for the on-site
discrimination of sub-ppm NO2 .
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1. Introduction

with regard to jurisdictional claims in

Chemical sensors play a relevant role in our modern society for mobile applications,
traffic safety and health care. One of the principal functions of these sensors is the monitoring of chemical compounds. It has been becoming increasingly challenging in several
applications related to air quality assessment [1–7] and medical diagnostics [8,9]. These
needs have led to the emergence of new generations of low cost, portable and reliable gas
sensor devices with high potential discrimination among low concentrations of analytes
of interest. The combustion of fossil fuels is the major source of nitrogen oxide (NOx )
emissions into the atmosphere. In addition, the long-term exposure to NO2 levels produces
harmful effects for humans and living beings, which can be detected by deploying chemical
sensors based on carbon material [10–12].
Surface acoustic wave (SAW) devices are a type of chemical sensor with high potentialities to detect low gas concentrations at room temperature (RT) due to the high
sensitivity and reduced size. In addition, novel sensing applications open the possibility for
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custom SAW devices [13–17]. SAW sensors are mainly used as gravimetric (mass sensitive)
transducers. Adsorption of molecules on the SAW surface produces an increase in density
per unit area that modulates the acoustic wave velocity [18,19], which is most commonly
measured through a shift of the oscillation frequency. In recent years, elastic sensitivity
has been presented as a novel way to measure gases by a small shift in elastic properties
of nanostructured layers [11,20–23]. Several studies to achieve sensors based on nanostructured sensitive layers had been performed [24–26], resulting in highly sensitive and
selective sensors to improve electronic nose technology for detecting, discriminating and
classifying target gases. For example, Bhasker et al. [27] conclude that both mass loading
and change in elasticity, are the sensing mechanisms in ammonia detection. On the other
hand, Yongliang et al. [28] emphasize the benefits of the elastic loading effect in the SAW
sensor to a more significant response to H2 S gas with excellent stability, selectivity and
humidity resistance. For instance, SAW carbon-based sensors configuration could make it
possible to operate under mass and elastic regimens [22].
Pattern recognition methods are commonly applied to the sustainable environment
domain [29] and can be performed for classification and discrimination of the sensor
field as an important component of the e-nose. Principal component analysis (PCA)
is applied for dimensionality reduction features that contain most of the patterns for
discriminative information [30–33]. Artificial neural network algorithms are widely used
for pattern recognition of chemical compounds [34]. The fast training and robustness make
the suggested patterns procedure an excellent classifier for sensor array data [35]. High
accuracy of up to 90% confirms the effectiveness of the classification analysis, especially
for the e-nose platforms [36,37]. Linear discriminant analysis (LDA) or K nearest-neighbor
(KNN) are also well-known machine learning (ML) approaches for pattern recognition,
able to assign class descriptors to the analytes with a high degree of confidence [38–41].
However, the system needs to be trained with known samples and the results are influenced
by the selected samples tested.
In this work, we analyze the e-nose capabilities of different carbon-based sensors for
selective NO2 classification. In addition, with the ML techniques, we perform both the
extraction of distinctive information to discriminate the observed analytes and the carbonbased sensor potential for low concentration detection of NO2 . The sensing performance of
the developed e-nose operates at RT and under different exposures to analytes, achieving
NO2 selectivity against interfering gases such as CO, NH3 , C6 H6 and C3 H6 O. Here, we
demonstrate that the elastic and the mass loading effects of carbon-based sensors are
suitable for NO2 discrimination by supervised and unsupervised ML techniques in a
versatile and compact system.
2. Materials and Methods
2.1. Materials
Graphene oxide (GO) powder was purchased from Graphenea (San Sebastian, Spain).
Dopamine (DA) hydrochloride and Tris buffer were purchased from Sigma Aldrich (St.
Louis, MO, USA). Graphitized mesoporous carbon (MC) and Gum Arabic (GA) powders
were purchased from Sigma Aldrich (Madrid, Spain).
2.2. SH-SAW Sensors Fabrication
SH-SAW was propagated on the ST-cut quartz substrate (perpendicular to the x
crystallographic axis). A wave with λ = 28 µm was generated and detected by interdigital
transducers (IDTs) with a double electrode configuration. The IDTs, with aluminum of
200 nm thickness, were made by RF sputtering combined with standard lithographic
techniques. The distance center to center between IDTs and the acoustic aperture were
150 and 75 λ, respectively. The guided SH-SAW, well-known as the Love wave, was
achieved using a 3.5 µm film of SiO2 grown on the piezoelectric substrate by plasmaenhanced chemical vapor deposition, obtaining a resonance frequency of around 160 MHz.
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2.3. Sensitive Layer Fabrication
In this research, we developed an array of four sensors using the following carbonbased materials as sensitive layers:

•

•

•

•

•

Mesoporous Carbon (MC). Gum Arabic (GA) was dissolved in deionized (DI) water to
prepare a solution of 2 mg/mL. Then, 1 mg of MC was added to prepare a dispersion
using an extended low power ultrasonication bath (Branson 5510) for 7 h. Afterwards,
the dispersion was deposited on the SH-SAW sensor by spray coating in order to
obtain a reproducible deposition method.
Graphene Oxide (GO). An aqueous dispersion of GO (0.5 mg/mL) was prepared by
mixing GO powder with DI water:methanol (1:5 volumetric ratio), then the mixture
was sonicated for 15 min. The dispersion was used immediately for deposition using
the Lagmuir–Blodgett (LB) technique.
Reduced GO (rGO). The reduction of graphene oxide (reduced graphene oxide, rGO)
was performed in a U reactor with a fritted plate 1.5 cm in diameter, where 100 mg
of GO powder was heated at 400 ◦ C for 2 h under constant flow of a 100 mL·min−1
H2 /Ar (10% H2 balance Ar) mixture. Then, the reaction was allowed to cool until it
reached RT. The synthesized product was a fine black powder. Further, a homogeneous
rGO dispersion was obtained by mixing approximately 2.0 mg of rGO powder with
8 mL of methanol and sonicated for 4 h at RT.
GO and rGO Langmuir–Blodgett film formation. Langmuir–Blodgett (LB) deposition
on the sensor chip was performed in a trough KSV 5000 alternating multilayer LB
system (KSV Finland). The trough was first cleaned with chloroform and then filled
with ultrapure water (Milli-Q system, 18.2 MΩ cm and simplicity 185, Millipore,
Burlington, MA, USA). The rGO/GO dispersion was spread onto the water surface
dropwise using a glass syringe at a speed of ~100 µL/min. The surface pressure was
monitored using a tensiometer attached to a Wilhelmy plate. Barriers compressed the
film at a speed of 15 mm/min. The rGO monolayer was transferred to an SH-SAW
sensor using the vertical lifting method at 22 ◦ C. Z-type multilayer structures were
prepared by the vertical deposition method at a dipping speed of 10 mm/min. The
same procedure was followed to prepare GO monolayer substrates.
Polydopamine (PDA) film formation on an rGO chip. PDA was obtained by dissolving DA hydrochloride powder in Tris buffer (pH 8.6) to obtain a DA concentration
of 0.01 M. Then, the previously fabricated rGO (LB) sensor chip was immediately
immersed in the DA/Tris solution at RT for 30 min. The PDA/rGO chip was rinsed
three times with ultrapure water and dried in a dissector.

2.4. Structural and Morphological Characterization
Microstructural characterization of the sensitive layers was performed by field emission scanning electron microscopy (FESEM, S-4700, Hitachi, Barcelona, Spain) and Raman
microscopy (Alpha 300RA, WITec GmbH, Ulm, Germany). Raman measurements were
acquired with a 532 nm laser excitation wavelength with an integration time of 0.6 s and
10 accumulations; three measurements were acquired at different positions in the central
region of the layer and averaged.
2.5. Experimental Setup for Gas Measurement
The SH-SAW sensor array was characterized by an automatic and controlled gas
line for sensor characterization in groups of different gaseous environments. The gas
sample generator (Figure 1) consisted of three mass flow controllers that obtain desirable
concentrations regulating the flow rates of both the synthetic air and the chosen target. The
process was performed by switching between a gas sample for 2 min (exposition time)
and the synthetic air for 20 min (purge time) at a constant flow of 100 mL/min. Target
gases were supplied by gas cylinders with a selectable concentration balanced with the
carrier gas, all of them from Nippon Gases: NO2 (1 ppm), CO (10 ppm), NH3 (50 ppm),
benzene (C6 H6 ) (50 ppm) and acetone (C3 H6 O) (50 ppm). It was also possible to distinguish
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Figure 2b,d shows the sensitive layers based on rGO and PDA/rGO, respectively. The
thermal reduction of GO originated the crumpling of rGO sheets, though the use of a PDA
treatment had a smoothening effect. It is important to notice that although the quartz
surface was effectively coated due to the material’s morphology and deposition technique,
the MC layer thickness is expected to be far larger than GO films.
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Experimental measurements for the gas characterization of the sensitive materials
showed that sensor response is dependent on the composition of the sensitive layer. As
shown in Figure 4, sensors based on MC and PDA/rGO behaved as gravimetric sensors,
decreasing their frequency due to an increase in the density per unit area of the sensing
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The response time was determined by defining τ90 as the time taken to reach 90% of
the maximum frequency shift of the response. The MC and GO sensors presented a notable response for 0.4 ppm of NO2 after exposition of 120 s with a complete recovery. On the
contrary, rGO and PDA/rGO sensors barely offer a noticeable response approach after
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The sensitive layers in the developed sensors are different in both surface chemistry
and microstructure, which play a key role in the diverse sensing mechanisms that take
place between the material surface and the tested gases. The MC layer contains both a large
porous surface area per volume ratio and a highly ordered graphitized carbon structure,
which provides a high interaction for the of gas adsorption, mainly through physisorption processes, even if chemical adsorption processes might also take part; especially for
molecules with easy electronic delocalization, such as NO2, NH3 and C6 H6 . The GO
layer, besides containing a large surface area, also has a high number of functional groups
with oxygen due to the oxidation process of the graphene, and therefore it provides many
chemical reactive sites for selective gaseous molecule adsorption which causes a large
transfer of electrons, such as NO2 and NH3 [43]. Moreover, the rGO layer contains a large
site of ordered aromatic groups and in addition shows a reduced number of oxygenated
functional groups, in comparison with GO due to the reduction process, which reduces
the chemical adsorption of many of the studied gases, but improves the π–π electrostatic
interactions with aromatic molecules, such as benzene. The PDA/rGO layer contains
different types of functional groups, such as aromatic, amino and hydroxy, which are linked
with the reactive gas molecules, in a similar way to the GO with the oxygenated groups;
however, the obtained gas adsorption performances are lower. This result might be due to
the high number of unordered stacked aromatic groups and hindered reactive oxygenated
groups in PDA after a thick layer formation.
The MC sensor presented a high mass response to all gases. However, the rGO and GO
sensors showed an elastic response for all of them. Furthermore, the GO sensor exhibited
a significant elastic response with NO2 gas. This finding allowed us to compare the rGO
and GO sensors and determine their elastic response depending on functional groups. The
relation between responses of rGO and GO sensors can be a useful tool to discriminate
NO2 among other interfering gases.
The response time was determined by defining τ90 as the time taken to reach 90% of
the maximum frequency shift of the response. The MC and GO sensors presented a notable
response for 0.4 ppm of NO2 after exposition of 120 s with a complete recovery. On the
contrary, rGO and PDA/rGO sensors barely offer a noticeable response approach after NO2
exposition, reaching its maximum value at 80 s. (Figure 4a). All sensors showed a response
for NO2 , between 300 (sensors with sensitive layer composed of GO or MC) and 50 Hz
(sensors with rGO and PDA/rGO). Furthermore, the limit of detection (LOD) achieved for
NO2 was ~10 ppb on the MC sensor, ~7.5 ppb on the rGO, ~75 ppb on the GO and ~30 ppb
on the PDA/rGO.
Figure 5a shows the performance of the developed sensors for different concentration
levels of NO2 . The MC and rGO sensors achieved a high linearity response (0.98 and 0.89,
respectively, adjusted R squared values) in comparison with the GO and PDA/rGO sensors
(0.67 and 0.76, respectively), which shows a saturation regime behavior from 0.4 ppm of
NO2 in advance. To verify that sensor materials are suitable as NO2 gas sensors we further
investigate the sensors’ behavior by measuring the response in short periods (2 min) and
continuous cycles of exposition and purging. Figure 5b shows the reproducibility obtained
at 0.1 ppm of NO2 . A high and stable response was obtained for MC or GO materials.
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3.4. Statistical Treatment and Classification Analysis
Figure 7 shows the responses of the four SH-SAW sensors for each gas concentration,
NO2 (0.2 ppm), CO (2 ppm), NH3 (20 ppm), benzene (C6H6) (20 ppm) and acetone (C3H6O)
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We also deployed two supervised ML techniques to validate the clustering of the PCA
offered. This fact helped us to assure the most adequate classification method to assign the
profiles to a group of responses. We conducted an (i) LDA that is a signal classification
technique that directly maximizes class separability of different gases, and (ii) KNN, which
is applied for classification of mixed gases providing high accuracy results. Figure 8b plots
the results of the LDA projections in which the point feature set is defined by different
responses. The classifier looks for the linear separability among NO2 , interferents and
humidity classes, with the examples of each class forming compact clusters and being far
from each other. The result for the accuracy value (LDA classifier) was 0.9 (Figure 8b).
LDA provided similar results to the PCA and, consequently, both seem to be appropriate
methods for pattern discrimination in this gas sensing application.
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Table 1. Sensitivity, F1 and precision scores for KNN classification (60% tested out of the total sample).

Humidity
Interferents
NO2
Accuracy

Precision

Sensitivity

F1-Score

1
0.67
1

0.94
1
1

0.97
0.8
1

0.95%

The presented study has demonstrated that a suitable sensitive layer allows measuring
changes in the velocity of the SAW that would be then selectively assigned to the adsorption
of the different gases. Table 2 illustrates the comparison of our developed sensitive layers
with other sensing films SAW sensors reported in the literature for NOx target gas. It also
shows that our materials can perform both mass and elastic detection for NO2 and can
reach similar and improved sub-ppm detection in comparison with the previous reported
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SAW sensors [13–16], within less than 1 min response time. Furthermore, our SAW sensors
show excellent sensitivity by mass loading effect for carbon monoxide, ammonia, acetone
and benzene, which can extend the environmental gas sensing applications.
Table 2. Comparison of different SAW sensor parameters reported in the literature for NOx target gas.
Sensitive
Layer

Target Gas

Operating
Frequency

Sensitivity

Detected ppm

Response
Time

Detection
Mechanics

Reference

SnO2

NO2

433.9 Mhz

-

20 ppm

2s

Elastic loading

[13]

ZnO

NO2

99.5 Mhz

2.9 Hz/ppb

400 ppb–16 ppm

-

Mass loading

[14]

NO

98 Hhz

12 Hz/ppb

5–110 ppb

<2min

Mass loading

[15]

NO2

99.4 Mhz

9.6 Hz/ppm

80–250 ppm

-

Mass loading

[16]

160 Mhz

10 Hz/ppb
7.5 Hz/ppb
75 Hz/ppb
30 Hz/ppb

<1min

Mass loading
Elastic loading
Elastic loading
Mass loading

This work

PPy/WO/rGO
PZT
MC
rGO
GO
PDA/rGO

NO2

0.1–1 ppm

4. Conclusions
For the present study, we used a portable array of SH-SAW sensors for a real-time
monitoring system in order to provide discrimination of toxic chemicals. The system was
designed using a modular architecture, which makes it a very self-contained and versatile
platform incorporating ML capabilities for gas detection such as PCA, LDA or KNN.
The e-nose successfully detected nitrogen dioxide (NO2 ), monoxide (CO), ammonia
(NH3 ), benzene (C6 H6 ) and acetone (C3 H6 O), in a wide variety of concentrations, with high
selectivity and sensitivity, showing a pattern for each toxic agent and high efficiency to
discriminate between interfering gases and NO2 . The sensor array was effective at detecting
NO2 even at a low concentration (0.1 ppm). On the other hand, the elastic-loading effect
on the GO-based sensor shows a characteristic behavior for NO2 which, together with the
other sensors, allows NO2 to be discriminated from other interferents. The PCA plot data
clustering did not present a significant discrimination between the interfering gases, but it
showed that NO2 was discriminated from these other gases. Thus, PCA did not provide a
clear discrimination among interfering gases with high selectivity and sensitivity, mainly
due to the similar responses of acetone or ammonia at low concentrations. The SH-SAW
sensors showed different sensitivities at room temperature, excellent repeatability and fast
responses, and therefore all of them are considered good candidates for compact array
sensors (e-nose) for environmental applications.
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