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ed tungsten oxide-NWs loaded
with osmium oxide as a gas sensor array: enhancing
detection with PCA and ANNs†

Alejandro Santos-Betancourt, abc Èric Navarrete, a Damien Cossement,d

Carla Bittencourte and Eduard Llobet *abc

This paper presents the fabrication of sensors based on tungsten trioxide nanowires decorated with

osmium oxide nanoparticles using the aerosol-assisted chemical vapor deposition (AACVD) technique.

This methodology allows the obtention of different osmium oxide decoration loadings on the tungsten

oxide nanowires. The morphological and chemical characteristics; and the structural properties of the

sensing layers of the sensors were studied using different techniques such as FESEM, HR-TEM, and ToF-

SIMS. The gas sensing properties were analyzed for pure tungsten trioxide sensors and tungsten trioxide

loaded with osmium exposed to nitrogen dioxide, hydrogen, and ethanol, thus assessing the impact of

the loading on the sensor response. A sensor array comprising pure and osmium-loaded tungsten oxide

devices coupled to multivariate pattern recognition techniques is shown to perform well in gas

identification and quantification tasks, offering promising implications in the field of gas sensing technology.
1. Introduction

Global concern about air quality and the emission of toxic gases
is increasing.1 In that sense, signicant progress has beenmade
in developing sensors capable of detecting specic gases in
different scenarios. Semiconductor metal oxides (MOXs) have
emerged as a group of promising materials, favored for their
small size, low manufacturing cost, and simple read-out-chain
design.2,3 Different material synthesis techniques can be
envisaged for building a MOXs-based sensor, such as liquid-
phase (LPS) and vapor-phase synthesis (VPS). One example of
LPS is the sol–gel method, in which porous and thin sensing
layers can be obtained.4 Another example of this technique is
hydrothermal growth.5,6 This method enables obtaining
different morphologies for the sensing layer, like nanoplates,
nanowires, and nanorods.7,8 On the other hand, VPS has
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approaches focused on chemical and physical methods. VPS is
used to obtain nanomaterials (e.g., nanoparticles, nanorods,
etc.), and the thickness of the sensing layer can be controlled by
optimizing the deposition temperature, the gas ow, the
solvents, and the precursors.9 One of the most used methods of
VPS is aerosol-assisted chemical vapor deposition (AACVD).10

This method combines the advantages of ne particle produc-
tion in aerosol processes with the lm-forming capabilities of
CVD,11 allowing the deposition of oxide structures like WO3,12

In2O3,13 Co3O4,14 Cr2O3,15 CeO2,16 MgO,17 MnO2,18 Al2O3,19 CuO,20

and Fe2O3.21 When properly optimized, the AACVD enables also
the loading of the aforementioned metal oxides with metal/
metal oxide nanoparticles, thus showing good potential for
the mass-production of functional nanomaterials. Since all
these materials have specic characteristics and react to
different chemical analytes, they are widely used as sensitive
layers in sensors across numerous industries like automotive or
petrochemical. Although MOXs are useful and effective for
a long period, they have drawbacks such as lack of selectivity to
specic gases, baseline dri, high sensitivity to humidity, and
high operating temperatures.22,23 In that sense, many metal
oxides have been modied by doping or loading with other
materials to address issues associated with their
disadvantages.24–28

Doping metal oxides with metal ions (e.g., Ti3+, Sm3+, La3+,
Ce3+, Pr3+, Cr3+) has been exploited as a way to tune band-gap,
charge carrier concentration, carrier mobility and defects,
resulting in increased responsiveness to gases.29–32 Metal oxides
loaded with metal catalyst nanoparticles have been widely used
to increase the sensitivity and adjust the selectivity of gas
RSC Adv., 2024, 14, 34985–34995 | 34985
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sensors. These nanoparticles contribute to chemical sensitiza-
tion by enhancing the amount of reactive oxygen species
adsorbed33–35 on the semiconductor metal oxide surface and/or
by helping break down target molecules by catalytic effects,
thereby enhancing their reaction with oxygen through spillover
effects.36 Additionally, recent advancements have led to the
creation of single-crystalline, nanostructured metal oxides,
such as nanorods and nanowires.11,26,27,37 Metal nanoparticles
(NPs) may also have an electronic sensitization effect via
developing heterojunctions at the metal oxide/NP interface.38–40

In particular, combining n-type metal oxide nanowires deco-
rated with p-type metal oxide NPs results in multiple n-p het-
erojunctions, causing signicant electronic sensitization
effects.41 As n–p heterojunctions form, electrons move from the
n-type metal oxide to the p-type nanoparticles, creating deple-
tion zones. The adsorption of gases onto these nanoparticles
triggers further electronic charge transfers to the n-type metal
oxide base, altering the depletion zone width and signicantly
changing the lm's overall electrical conductance, thus giving
readable data linked to the target gas. In the literature, the most
used p-type nanoparticles are the ones based on noble metals
due to their excellent chemical properties, stability, and
performance. While the most employed metal NPs are Pt, Pd,
and Au, in the last few years we have studied the use of other
transition metal NPs such as Ir,26 Co,27 or Ni.28 Supported on
tungsten oxide nanowires. In addition, the literature shows only
few papers in which MOXs have been loaded with osmium.
Capone et al.42 developed a sensor consisting of SnO2 decorated
with osmium using the sol–gel technique to detect methane at
a low working temperature. Quaranta et al.43 used an array of
sensors including a pristine SnO2 sensor and decorated ones
with palladium, platinum, and osmium. They analyzed the data
using a multivariate approach and used principal component
analysis (PCA) to discriminate gaseous species such as carbon
monoxide, methane, ethanol, methanol, and nitrogen dioxide.
Considering the scarce number of results available on osmium
loaded MOX gas sensors, the study of osmium supported on
WO3 seems novel and worthwhile.

It is known from the literature that using gas sensor arrays
and chemometrics is a way to enhance the discrimination and
quantication ability of individual MOX sensors.44,45 In this
approach, sensors with overlapping selectivity are coupled to
multivariate data analysis techniques that process sensor
response vectors.46–48 In particular, the principal component
analysis (PCA), a technique that enables building models that
maximize the data variance explained (i.e., sensor response
variance), has been widely employed as an unsupervised
dimensionality reduction and classication technique in gas
sensor arrays. Besides enabling data separation and classica-
tion, PCA allows for studying how individual sensors contribute
to gas discrimination and helps identifying redundant or
irrelevant sensors.47,49 Additionally, articial neural networks
(ANNs) such as the feed-forward multi-layer perceptron (FF-
MLP) have been widely employed in quantitative analysis (e.g.,
to predict gas concentrations). The MLP is a supervised method
that learns the intricate patterns and relationships existing
between the sensor array responses.50,51 In this paper, pristine
34986 | RSC Adv., 2024, 14, 34985–34995
tungsten trioxide (WO3) and WO3-based sensors loaded with
two levels of osmium oxide concentrations are synthesized for
the rst time using the AACVD technique. The synthesized
sensors were employed in a sensor array to discriminate and
quantify chemical species such nitrogen dioxide, ethanol, and
hydrogen. The output data from the sensor array was processed
through PCA and the multilayer perceptron (MLP) ANNs of
studying the discrimination and quantication ability of the
sensor system.

2. Experimental
2.1 Description of the fabrication process

Tungsten trioxide (WO3) nanowires (NWs) and tungsten trioxide
loaded with osmium oxide (WO3/OsO4) were synthesized through
the AACVD at 375 °C. The nanomaterials were grown on top of
commercially available alumina substrates, from CeramTech
GmbH, that present screen-printed 300 mm gap interdigitated
platinum electrodes on the top side and an 8 U heating platinum
resistor on the bottom side. The AACVD process was performed in
two steps. First, the synthesis of pristine WO3 NWs and then, the
loading of the WO3 NWs with osmium at different concentration
levels. To grow the pure WO3 NWs, as indicated in Fig. 1, 40 mg of
tungsten hexacarbonyl W(CO)6, (Sigma Aldrich, St. Louis, MO,
USA, CAS: 14040-11-0) as an organometallic precursor was
weighted. Subsequently, the precursor was solubilized in amixture
of methanol (Scharlab, Sentmenat, Spain, CAS: 67-56-1) and
acetone (Sigma Aldrich, St. Louis, MO, USA, CAS: 67-64-1) with
a 1 : 3 volume ratio (5 mL and 15 mL, respectively). The solution
was sonicated using an ultrasonic cleaning machine, SKE-3S
(Tangshan UMG Medical Instrument Co., Ltd, Tangshan, Hebei,
China) until all the precursor material was fully dissolved (around
15 minutes) and then, placed in an aerosol generator bath
(Miniland Humiplus Advanced, Ultrasonic, PO: POD-MNL 15-
02435), which generates 1 MHz ultrasonic waves to convert the
solution into a micro-droplet aerosol. This aerosol is carried via
a pipe system using nitrogen as an inert carrier gas at a constant
ow of 1 L min−1 towards a preheated CVD hot-wall reactor at
375 °C where the alumina substrates were previously introduced.
The resulting WO3 NWs layer fully coats the electrodes and, as
typically, some amorphous carbon remnants are le by the organic
precursor and solvents. To remove such impurities and enhance
the oxidation stoichiometry, an annealing process is performed
right aer the deposition, which is conducted in a Carbolite CWF
1200 muffle (Carbolite Gero Ltd, Neuhausen, Germany) at 500 °C
for 2 h, with a temperature ramp of 5 °Cmin−1, under pure dry air.
Fig. 1 describes a schematic of the process.

Aerward, a second AACVD process was conducted to achieve
two different levels of osmium loading (low and high concen-
trations). In this second step, two amounts of osmium were
weighted using a KERN (KERN & SOHN GmbH, Germany)
0.0001 g precision balance: 2.5 and 10mg of osmium(III) chloride
hydrate (OsCl3 × H2O) (Sigma Aldrich, St. Louis, MO, USA, CAS:
13444-93-4), subsequently, two methanol 10 mL solutions were
prepared. The AACVD process was repeated, as described before,
in this case, the previously annealed substrates were placed again
inside the CVD reactor and preheated at 350 °C respectively in
© 2024 The Author(s). Published by the Royal Society of Chemistry



Fig. 1 Block diagram AACVD synthesis of WO3 sensors.

Paper RSC Advances
two separate runs. The processes result in two WO3/OsO4

samples at different loading levels: WO3/OsO4/2.5 mg and WO3/
OsO4/10 mg. Finally, an annealing process was performed to
clean the remnants of carbon from the surface of the lms.
2.2 Material characterization

Field Emission Scanning Electron Microscope (FESEM) Scios 2
DualBeam was used to study the surface morphology of the
Fig. 2 Schematic representation of the gas measurement system.

© 2024 The Author(s). Published by the Royal Society of Chemistry
sensitive layers. Sample characterization was performed at
a high vacuum, and the electron acceleration voltage was
established between 2 and 5 kV. Also, the energy-dispersive X-
ray (EDX) incorporated in the FESEM Scios was used to check
the chemical composition of the active layers. HR-TEM char-
acterization of the samples was performed on a Jeol 2100
microscope, working at 200 kV. The material was scratched
from the alumina substrate and dispersed in methanol. The
RSC Adv., 2024, 14, 34985–34995 | 34987



Fig. 3 FESEM at 4 mm of sensors. (a) Pure WO3 (b) WO3/OsO4 (2.5 mg) (c) WO3/OsO4 (10 mg).
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dispersion was ultrasonicated for 20 minutes and a drop was
deposited on a lacy carbon lm supported by a nickel grid. Also,
using the same equipment, EDX analysis was performed.
Likewise, before ToF-SIMS data acquisition, samples were pre-
cleaned with a giant argon cluster beam (Ar3000

+) operated at
10 keV over an area of 500 × 500 mm2, gently removing surface
hydrocarbon contamination while keeping the underlying
sensor material intact. At the center of the freshly prepared
sputter crater, surface ToF-SIMS spectra were acquired in
positive mode using a ToF-SIMS M6 instrument from ION-TOF
GmbH, Münster, Germany. A Bi+30 keV primary ion beam was
used at a current of ∼0.76 pA and was rastered over a scan area
of 200 × 200 mm2, for 1000 seconds, allowing the sensitivity in
the detection of Os+ to be enhanced.
Fig. 4 (a) Broken nanowires, WO3/OsO4/2.5 mg, from the sonication p
body image, WO3/OsO4/2.5 mg, the caption shows the interplanar str
showing the (002) interplanar distance of WO3 (d) broken nanowires, WO
(e) HR-TEM inset from a nanowire body image, WO3/OsO4/10 mg, the
Close up, WO3/OsO4/10 mg, showing the (002) interplanar distance of

34988 | RSC Adv., 2024, 14, 34985–34995
2.3 Description of the measurement system

The gas-sensing properties of the different sensors were studied.
The sensors were exposed to different gases both reducing;
ethanol vapors (EtOH) and hydrogen (H2), and an oxidizing gas as
nitrogen dioxide (NO2). The concentrations analyzed for ethanol
vapors were 5, 10, 15, and 20 ppm; for hydrogen 250, 500, 750,
and 1000 ppm; and the concentrations were set for nitrogen
dioxide in 250, 500, 750, and 1000 ppb. To do so, the sensors were
placed inside an airtight Teon® chamber with an inner volume
of 21.18 cm3. The chamber has a connector-type edge dual female
12POS 0.100 FMC06DRYH (©2024 Sullins Connector Solutions,
San Marcos, CA 92069, USA) which interfaces the sensors with
the measurement instrumentation. Different gases were
rocess during sample preparation. (b) HR-TEM inset from a nanowire
ucture, probing a high crystallinity. (c) Close up, WO3/OsO4/2.5 mg,

3/OsO4/10 mg, from the sonication process during sample preparation.
caption shows the interplanar structure, probing a high crystallinity. (f)
WO3.

© 2024 The Author(s). Published by the Royal Society of Chemistry



Fig. 5 ToF-SIMS analysis results for a WO3/OsO4/10 mg sample. (a) Chemical mapping image of the surface with osmium clusters appearing as
red dots/areas, (b) spectrum associated to tungsten detection, and (c) spectrum associated to osmium detection.
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delivered to the chamber through a computer-controlled mass-
ow system to ensure the reproducibility of the concentrations
and constant ow. The gases were purchased from Linde® as
calibrated gas bottles balanced in dry air and the carrier gas was
zero-grade dry synthetic air. The analysis of the gases was
Fig. 6 Measurement of the sensor at an operating temperature of 250

© 2024 The Author(s). Published by the Royal Society of Chemistry
programmed as pulses: consisting of increasing target gas
concentrations in between of dry air supplying to recover the
baseline at a constant ow of 100 mL min−1. The sensor resis-
tance was measured and stored employing a Keysight 3972A data
acquisition system. An Agilent U8001A Single Output DC Power
°C throughout H2 exposures.

RSC Adv., 2024, 14, 34985–34995 | 34989



Fig. 7 Measurement of the sensor at an operating temperature of 250 °C throughout EtOH exposures.

Fig. 8 Measurement of the sensor at an operating temperature of 250 °C throughout NO2 exposures.

34990 | RSC Adv., 2024, 14, 34985–34995 © 2024 The Author(s). Published by the Royal Society of Chemistry
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Fig. 9 PCA at (a) 150 °C, (b) 200 °C, and (c) 250 °C.
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Supply was used to power the heating element of the substrates
to achieve the operating temperatures of 150 °C, 200 °C, and
250 °C. This system is depicted in Fig. 2.

2.4 Methodology for data analysis

Aer measuring the resistance variation of each sensor while
reacting with the target gas, specic values were selected from
the measurement dataset. The electrical resistance values were
taken before and aer each pulse of the target gas. Then, the
electrical resistance values related to pulses of the same
concentration were averaged and PCA was conducted to classify
the gases. On the other hand, using the whole dataset of
measurements, MLPs were trained, using MATLAB Statistics
and Machine Learning Toolbox (academic-available license).
Before that, the sensor array raw data was ltered using an
asymmetric windowed lter with a le-right length of 12 and
0 samples. Then, the resulting data served as features (input
layers) to develop the MLP models. For training the MLPs, 80%
of the observations were used, and the remaining 20% were
reserved for testing. Training and validation vectors were
selected randomly for these purposes. A 5-fold cross-validation
scheme was used to avoid overtting during the training
process. The tuning process compared different types of archi-
tecture (hidden layers), varying the number of layers (1, 2, 3) and
neurons per layer (10, 25, 100). The quantication MLP with
best performance was selected based on root mean squared
error (RMSE) and coefficient of determination (R2). Prediction
accuracy was the criterion employed for evaluating the perfor-
mance of MLP classication models. Once the architecture of
the MLP was set, the activation function was varied (including

none: f(x) = x, ReLU: f(x) = max(0, x), sigmoid: f ðxÞ ¼ 1
1þ e�x

;

and Tanh: f ðxÞ ¼ 2
1þ e�2x

� 1) to determine the best option.

3. Results & discussion
3.1 Sensing layer characterization

Fig. 3 shows FESEM images for the different sensors fabricated,
pure WO3 NWs and WO3/OsO4.

There is a clear change in the surface morphology as the
concentration of osmium increases (see Fig. 3a–c). The pure
© 2024 The Author(s). Published by the Royal Society of Chemistry
WO3 NWs surface shows a smooth surface with well-dened
nanowire tips and bodies. As the concentration of osmium
increases, the formation of material clusters also increases. The
presence of osmium particles could lead to a displacement of
material from the already formed layers acting as a seed thus
enhancing the nucleation of material around the tips of the
nanowires. One major effect of such change in the layer is the
increase in the total surface area available for the oxygen species
to adsorb and react. Similarly, a sample of the synthesized layer
was brought to the HR-TEM to study and determine the crys-
tallinity and composition. Fig. 4 shows a cluster of WO3/OsO4/
2.5 mg and WO3/OsO4/10 mg NWs with an inset depicting that
the d-spacing between lattice fringes in the inset is 3.78 Å cor-
responding to (002) planes inWO3 with monoclinic P�1 structure
(ICDD 43e1035), conrming the composition of the tungsten
trioxide nanowires. EDX studies were carried out on the sensor
samples (i.e., on alumina substrates) and on the samples
prepared for TEM analysis (i.e., on TEM grids). These studies
(see Fig. S1 and S2 in the ESI†) could not conrm the presence
of osmium in loaded samples. The amount of osmium loading
achieved remains under the detection limit of the technique.

On the other hand, Fig. 5 shows the ToF-SIMS analysis on
a WO3/OsO4/10 mg sample. The presence of the Os+ peak was
observed atm/z 191.96. It is noteworthy to point out that the Os+

peak region, features a higher background compared to the W+

peaks, which suggests that osmium occurs with very low
abundance. In conclusion, ToF-SIMS has conrmed that
osmium is present in loaded samples. Beyond the detection of
Os+ in the ToF-SIMS spectra, simultaneously with the spectra
acquisition chemical images were recorded of the surface
sample, enabling the location of osmium. ToF-SIMS was used
instead of XPS because the former technique is more sensitive
than the latter. This aspect is discussed further in the ESI.†
3.2 Gas measurement results

The measurements of the electrical resistance of each sensor
are shown in Fig. 6–8. Sensors were operated at 250 °C, in which
the sensors showed the best response intensity and response
dynamics to the target gases. Long-term measurements for the
operating temperatures of 150 °C and 200 °C can be found in
Fig. S3 and S4 in the ESI.† Fig. 6 to 8, report the responses to
RSC Adv., 2024, 14, 34985–34995 | 34991



Fig. 10 Results of the classification (a) and quantification models NO2 (b), H2 (c) and EtOH (d). Input data is from the three-sensor array. Sensors
were operated at 250 °C.
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three repeated cycles of four increasing pulsed concentrations
of the target gases. Each pulse of gas lasted 30 minutes and was
followed by 30 minutes of dry air to recover the baseline. For H2

and EtOH, the resistance of the sensors decreases but in the
case of NO2, the resistance value increases, as expected for an n-
type semiconducting nanomaterial.

This measurement protocol enabled testing the repeatability
of measurements. Fig. S5a–c in the ESI† show the calibration
curves for H2, EtOH, and NO2 at 250 °C, respectively. Also, they
show the mean of the responses of the three repeated cycles in
34992 | RSC Adv., 2024, 14, 34985–34995
each concentration of the target gases and the error bars cor-
responding to their variability (or measurement uncertainty). It
is noticed that the response increases while the concentration
of gases increases. For H2, Fig. S5a,† the pristine WO3 sensor
increases its measurement uncertainty when increasing the gas
concentration from 0.18% to 0.4% (Table S1 in the ESI† shows
numerical details). While the sensors loaded with osmium keep
this uncertainty almost constant throughout the concentration
range studied (WO3/OsO4/2.5 mg: from 0.76% to 0.66%, WO3/
OsO4/10 mg: from 0.4% to 0.37%). It can also be noticed that,
© 2024 The Author(s). Published by the Royal Society of Chemistry
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for H2 detection, the two doped sensors show a higher response
than the pristine sensor (Fig. S5a†). The response of the sensors
towards EtOH is shown in Fig. S5b.† The sensor with the lowest
load of osmium behaves similarly to the pristine sensor. The
sensor with higher loadings of osmium shows the lowest
response. For the three sensors, the measurement uncertainty
decreases as the gas concentration increases (WO3: from 3.1%
to 1.2%, WO3/OsO4/2.5 mg: from 7.2% to 2.1%, WO3/OsO4/
10 mg: from 5.6% to 2.1%). When analyzing the response of the
sensors towards NO2, it is worth noticing that the sensor with
the higher loading level of osmium shows the highest sensitivity
(i.e., slope of the calibration curve). The measurement uncer-
tainty associated to the detection of NO2 is also higher (Fig. S5c
and Table S1 in the ESI†). Considering these results, the tung-
sten oxide sensors loaded with osmium hold promise for the
detection of hydrogen and nitrogen dioxide.

The effect of loading tungsten oxide on the detection
mechanism is as follows. As the amount of osmium loading is
increased, the nanowires show an increased number of clusters
of tungsten oxide along their body, thus becoming more
defective. As a result, the number of available sites where
oxygen can be adsorbed is enhanced with osmium oxide
loading. The defects present on the material surface act as
highly active sites compared to the pristine regions of tungsten
oxide. These active sites break the uniform atomic lattice of the
nanowire smooth body (see Fig. 3), creating areas with unsat-
urated bonds, unpaired electrons, or localized charge varia-
tions. We postulate that the number of such defects increase
with the amount of osmium loaded, acting as adsorption sites
for oxygen molecules, which subsequently react with the target
gas. The defects act as electron donors or acceptors, depending
on their, nature helping to reduce the activation energy required
for adsorption and subsequent reaction steps. When oxygen
adsorbs at these defect sites, it captures electrons. These reac-
tive oxygen species are chemically active and are ready to
interact with the target gas molecules, facilitating the chemical
reactions that are responsible for the sensing response.
3.3 Data analysis

Given the fact that the different sensors studied show over-
lapping selectivity, a multivariate analysis was performed in the
next sections to assess whether or not the discrimination of the
chemical species considered and their quantication could be
achieved. A 3-element sensor array, which comprised pristine,
low osmium loaded and high osmium loaded tungsten oxide
sensors was considered for this analysis.

Fig. 9a–c show the Biplot of a principal component analysis
performed using the electrical resistance values of the three
sensors. A PCA analysis was performed for every operating
temperature tested. Results denote that the different gases can be
discriminated, no matter the operating temperature, through
a simple visual inspection. This indicates that, even though
individual sensors show cross-responsiveness to the different
chemical species considered, a simple, linear pattern recognition
algorithm such as PCA that processes the responses of the three
sensors together, achieves good discrimination performance.
© 2024 The Author(s). Published by the Royal Society of Chemistry
Likewise, MLPs were trained using the whole dataset of
measurements divided into the three temperatures. To
discriminate the gases, the output labels of the models were
separated into air, ethanol, hydrogen, and nitrogen dioxide.
Table S2 in the ESI† shows the performance of the trained
classication algorithms. At 250 °C, the classication model
with the highest accuracy consists of one hidden layer with 10
neurons and utilizes Tanh as the activation function. The total
accuracy obtained during training was approximately 91.6%,
while during the test with the observations le out for this
purpose, the total accuracy was 93.18%. The confusion matrix
for the test data is shown in Fig. 10a. The classication accuracy
was greater than 94% when supplying dry air to the sensors,
90.1% for ethanol, 86.9% for hydrogen, and 95.2% for nitrogen
dioxide. It is worth mentioning that classication errors occur
mostly between target gases and air (ex: when supplying
ethanol, the algorithmmisclassies 9.5% of ethanol samples as
air and only 0.4% as hydrogen). There is almost no confusion
among the target gases. Similarly, models were trained to
quantify the gases. Tables S3–S5 in the ESI† compare the results
according to RMSE and R2 for NO2, EtOH, and H2, respectively.
For NO2 at 250 °C, the best model comprised three hidden
layers, 10 neurons per layer, and ReLU as the activation func-
tion. This model results in an RMSE of 0.08 ppb and R2 of 0.94
for the samples le out for testing. Fig. 10b shows the predicted
vs. true values at 250 °C for the test data. For the quantication
of hydrogen at 250 °C, the best model used one hidden layer,
100 neurons per layer, and ReLU as the activation function. The
RMSE increases to 85.57 ppm but is still a good result, since the
measured concentration range for H2 is up to 1000 ppm. The R2

value is 0.94, see Fig. 10c. In the case of ethanol, the best model
had three hidden layers, 10 neurons per layer, and Tanh as the
activation function. For test data, RMSE was 1.64 ppm and R2

was 0.94, see Fig. 10d.
At 200 °C, the classication accuracy was greater than 92%

when classifying air, 89.4% for ethanol, 82.2% for hydrogen,
and 96.1% for nitrogen dioxide, see Fig. S6a.† The best quan-
tication model for NO2 had one hidden layer, 100 neurons per
layer, and ReLU as the activation function. It gave as a result an
RMSE of 0.11 ppb and R2 of 0.89 for test data. Fig. S6b† shows
the predicted vs. true values at 200 °C for the test data. For the
quantication of hydrogen at 200 °C, the best model also had
one hidden layer, 100 neurons per layer, and ReLU as the acti-
vation function. Fig. S6c† shows the result for test data, RMSE of
107.92 ppm and the R2 0.90. Fig. S6d† shows the test results of
the best model for ethanol quantication. The model
comprised three hidden layers, 10 neurons per layer, and
Sigmoid as the activation function. RMSE was 1.27 ppm and R2

was 0.96 for test data. Results at 150 °C are displayed in Fig. S7.†
Classication accuracy of 97.4% for air, 81.4% for ethanol,
hydrogen 73.5%, and 96% for NO2 was achieved, see Fig. S7a.†
The best prediction model for ethanol comprised one hidden
layer, 100 neurons per layer, and Tanh as the activation func-
tion. For predicting nitrogen dioxide, the best model comprised
three hidden layers, 10 neurons per layer, and Tanh as the
activation function. For hydrogen, the quantication model
comprised one hidden layer, 100 neurons per layer, and ReLU as
RSC Adv., 2024, 14, 34985–34995 | 34993
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the activation function. The results of test data are presented in
Fig. S7 in the ESI.†

The operating temperature of the sensors impacts the
performance achieved by the discrimination and the quanti-
cation models. If the sensor operating temperature decreases,
accuracy decreases when classifying reducing gases. On the
other hand, when classifying an oxidizing gas like NO2, the
classication accuracy barely changes when the working
temperature of the sensors is decreased within the temperature
range studied. This is summarized in Table S6 in the ESI.† This
behavior could be used to reduce power consumption when
classifying NO2. Moreover, quantication results show that the
best performance is reached at higher operating temperatures.
Table S7† summarizes the best model for quantifying each
target gas at different working temperatures.

The metrics (accuracy, R-squared, and RMSE) of the models
built to discriminate and quantify the target gases are compa-
rable or even better than those of the state of the art.52 Addi-
tionally, Table S8† enables the comparison of the results
achieved with some recent results from the literature.

4. Conclusions

The AACVD technique has been employed in a two-step process
to successfully grow tungsten oxide nanowires pure and loaded
with two amounts of osmium oxide nanoparticles. FESEM and
HR-TEM analysis has veried that the synthesized materials
were crystalline, and the loading of osmium impacted the layer
morphology. Despite being unable to determine the presence of
osmium nanoparticles through microanalysis (EDX), the ToF-
SIMS analysis conrms the presence of osmium on loaded
samples, yet at trace levels. The gas-sensing properties of the
obtained nanomaterials have been successfully studied under
the presence of nitrogen dioxide, hydrogen, and ethanol at ppb
and ppm levels. It was found that osmium loaded sensors hold
promise for the detection of H2 and NO2.

Additionally, the response data from the three sensors was
processed using two different multivariate techniques such as
PCA andMLP. These results show that a 3-element sensor array,
made of cross-responsive sensors, is able to discriminate and
quantify the target gases with good accuracy. Particularly, the
processing of the sensor array data using articial neural
network models allowed for reaching a high discrimination
ability (H2: > 86%, EtOH > 90%, and NO2: > 96%) and a good
quantication ability (R2 ∼ 0.94) on validation data that had not
been used for training.

Despite our results show that the multivariate data analysis
approach enhances the selectivity and quantication ability of
the cross-responsive, pure and osmium loaded tungsten oxide
sensors, further research is needed. For instance, the optimi-
zation of the amount of osmium in the loading process of each
sensor should help enhancing sensor performance. This will
require a careful optimization of the AACVD process, which has
resulted in low loading levels. Also, performing new measure-
ments for a longer period than the 2 months measurement
period reported here would help understanding how the
sensors age, and evaluating their long-term stability.
34994 | RSC Adv., 2024, 14, 34985–34995
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