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To overcome these limitations, researchers have adopted
various optimization strategies, including nanostructure
engineering, elemental doping, noble metal surface modifica-
tion, and heterojunction construction.15−17 In particular, noble
metal modification has been proven to be one of the most
effective strategies to enhance the gas reactivity of ZnO at low
temperatures. For instance, Young et al. demonstrated that
gold (Au) and platinum (Pt) nanoparticle decoration can
significantly improve the methanol sensing performance of
ZnO nanorods;18,19 Chu et al. realized enhanced gas sensing
response via codoping of ZnO nanorod arrays;20 related
studies also showed that Ag-modified ZnO nanomaterials have
excellent sensitivity to nitric oxide (NO) and ethanol
gases.21−23 Among noble metals, palladium (Pd) has excellent
catalytic activity for H2 and other reducing gases, which can
adsorb and dissociate H2 molecules into active atomic
hydrogen, promoting the spillover effect of reactive species
on the ZnO surface. Nevertheless, Pd nanoparticles are prone
to oxidation and agglomeration at high operating temperatures,
leading to degradation of the sensing performance and long-
term stability. Au has high electrical conductivity, excellent
chemical inertness, and antioxidation properties, which can
form a synergistic effect with Pd when comodified on the ZnO
surface: the strong electronic coupling between Pd and Au can
effectively inhibit the oxidation of Pd, while the bimetallic
interface can optimize the distribution of surface oxygen
species of ZnO, widen the electron depletion layer, and
enhance the gas response.24 However, existing studies on ZnO-
based gas sensors mostly focus on single noble metal
modification or theoretical simulation of bimetallic systems,
with a notable lack of systematic experimental validation of
Pd−Au comodified ZnO sensors in realistic, complex gas
environments.

From the perspective of signal processing and gas
classification, machine learning algorithms have become
powerful tools to decode the multidimensional response
signals of sensor arrays. Traditional algorithms such as support
vector machines (SVM), k-nearest neighbors (KNN), and
principal component analysis (PCA) have been widely used in
gas identification tasks, but they often face performance
degradation when dealing with high-dimensional feature sets
with severe redundancy and cross-interference.25 The particle
swarm optimization (PSO) algorithm is a population-based
global optimization algorithm inspired by the collective
foraging behavior of bird swarms. It optimizes solutions by
dynamically updating the velocity and position of representa-
tive “particles” in the search space with advantages of fast
convergence speed, few adjustable hyperparameters, and
excellent adaptability to high-dimensional feature spaces. In
gas sensing feature selection, PSO can effectively eliminate
redundant features, reduce computational complexity, and
retain key information for gas classification, making it ideal for
addressing the cross-interference problem of high-dimensional
signals from MOS sensor arrays.26−29 However, there are few
studies on the combination of Pd−Au comodified ZnO sensor
arrays and PSO-optimized machine learning models for high-
precision detection of flammable gas mixtures.

In this study, we present a ZnO-based combustible gas
sensor fabricated via magnetron sputtering and enhanced with
Pd/Au bimetallic surface decoration. The sensors’ sensitivity
and selectivity toward H2, C2H4, and C2H2 were systematically
investigated. A gas classification model was developed by
integrating PSO with an SVM. Our research objectives include

(1) enhancing the gas-sensing performance through Pd/Au
codecoration, (2) experimentally validating the sensor array’s
capability in detecting gas mixtures, and (3) developing a
recognition algorithm adaptable to dynamic gas concentration
changes, ultimately providing a highly reliable solution for gas
safety monitoring in complex environments.

2. EXPERIMENTAL SECTION

2.1. Fabrication of the Sensors
A silicon substrate with a suspended micro-hot plate and Pt electrodes
(HHC1000, Micro−Nano Sensing Technology Co., China) was used
to deposit ZnO-sensitive layers, where the sensing region is
mechanically supported by four symmetrically arranged suspending
beams (see Figure S1 in the Supporting Information). The Pt
interdigitated electrodes, serving as the sensing interface, occupy an
area of 150 × 150 �m 2, with electrode gap spacing and width
dimensions measuring 12 and 8 �m, respectively. The device operates
at a heating voltage of 1.8 V, optimizing stable thermal management
and energy efficiency.

A magnetron sputtering system was used to deposit ZnO on the
substrates. The primary instruments and materials used for preparing
and characterizing ZnO and decorated metal are listed in Table S1 in
the SI. The ZnO target (ZnO target, 99.99%, Zhongnuo Advanced
Material Technology Co., China) was initially cleaned using
ultrasonic cleaning in ultrapure water (produced by a standard
ultrapure water machine with a resistance of 18.25 MΩ), followed by
ultrasonic cleaning in 75% ethanol (analytical purity, Aladdin
Scientific Corp, USA) to ensure the removal of any residual
contaminants. Then, the ZnO target was placed in the magnetron
sputtering system, and the substrate was fixed on the sample stage.
After confirming the sample position, the chamber door was closed,
and the leakage was checked. The cooling water system was
connected, and power was supplied to the ZnO target. The chamber
was vacuumed to the required vacuum level. Argon gas (99.9% purity,
Xuzhou Special Gas Plant Co., China) was introduced into the
chamber, and the pressure was stabilized at around 1 Pa. The RF
power was set to 40 W, the gas flow rate to 35 sccm, and the
sputtering time to 3600 s. Afterward, the target was replaced with Pd
(99.99%, Zhongnuo Advanced Material Technology Co., China) and
Au (99.999%, Zhongnuo Advanced Material Technology Co., China)
to decorate the surface of the ZnO film. Sensors with different
sputtering sequences (ZnO-Pd, ZnO-Au, ZnO-Pd-Au, and ZnO-Au-
Pd) were prepared. Finally, nine different metal oxide sensors were
sintered in a box furnace at 400 °C for 5 h. The sensors were denoted
as ZPA1, ZPA2, ZPA3, ZAP1, ZAP2, ZAP3, ZnO, ZP, and ZA, and
their preparation parameters and operating voltages are listed in Table
S2 in the SI.
2.2. Characterization of Sensing Films
Morphologies of ZnO-based sensing films were characterized by using
field-emission scanning electron microscopy (FE-SEM, G0AIA3
XMH, TESCAN, Czech). Energy-dispersive spectroscopy (EDS),
integrated with the SEM system, was employed to analyze the
elemental composition and spatial distribution. Grazing incidence X-
ray diffraction (GIXRD) was done by a high-resolution X-ray
diffractometer for thin films (X’Pert3 MRD, Malvern Panalytical,
The Netherlands), probing the long-range crystalline order of
materials. Elemental mapping and crystal analysis in the nanometer
region was done by High resolution ransmission electron microscopy
(HRTEM, Talos F200X, Thermo Fisher, USA), directly visualizing
the local microstructure and nanoscale architectures with atomic-level
resolution. X-ray photoelectron spectroscopy (XPS, ESCALAB 250Xi,
Thermo Fisher Scientific, USA) was used for surface chemical analysis
with a monochromatic Al K� radiation (1486.6 eV) X-ray source. All
spectra were calibrated by using the adventitious carbon C 1s peak at
284.8 eV. Surface profilometry (Bruker DektakXT system, Bruker,
Germany) was used to obtain the calibration curves of the film
thickness as a function of different deposition times. The nominal
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thickness of the sensing films was extrapolated/interpolated by these
curves according to their deposition time. The sensing materials,
along with their respective compositions and thicknesses, are listed in
Table 1. The current−voltage (I−V) characteristics of the sensors
were analyzed by using a Keithley 2450 Source Meter (Keithley,
USA).

2.3. Gas Sensing Measurement
Seven metal oxide sensors formed a sensor array during data
collection. Three pure gases (H2, C2H4, and C2H2) and four gas
mixtures (H2 + C2H4, H2 + C2H2, C2H4 + C2H2, and H2 + C2H4 +
C2H2) were introduced for the test. Three certified standard gases
(2% H2, 10,000 ppm of C2H4, and 5,000 ppm of C2H2, all balanced in
N2) from Xuzhou Special Gas Plant Co., China, were employed. The
purity of these gas sources is 99.9%. In all experimental trials, the total
gas volume was kept constant, while the volumetric ratios between
components were adjusted to achieve different mixture concentrations
(Table S3 in the SI). The schematic diagram of the gas preparation
and sensing experiment can be found in Figure S2 in the SI. A static
measurement protocol was employed for the gas sensing experiment.
Target gases were injected into a sealed 5 L chamber via syringe
extraction from sampling bags, ensuring accurate volumetric ratios.
After gas injection, the chamber’s side valve was closed, and an

integrated fan was activated to promote uniform gas distribution via
forced convection. The prepared ZnO gas sensor, mounted on a test
board, was placed inside of the chamber. This board continuously
recorded and transmitted the sensor’s resistance values to a computer
for real-time monitoring. All measurements were conducted at a room
temperature of approximately 25 °C (±2 °C) and a relative humidity
of 40% (±5%), with the sensor operating at a temperature of 425 °C.
At such a high temperature, the influence of the ambient humidity is
negligible.

Each gas test cycle included a 200 s injection phase followed by a
200 s purge phase, resulting in a total exposure duration of 400 s per
gas concentration. The sensors are biased at a constant voltage of 1.8
V, and the corresponding currents were recorded by a commercial test
board (9060C, Micro−Nano Sensing Technology Co., China) at a
sampling frequency of 1 Hz, ensuring high temporal resolution for
characterizing the dynamic responses. The gas sensing response (Res)
is defined as Res = Ra/Rg, where Ra and Rg are the resistance of the
sensor in air and in the target gas, respectively. The response time is
defined as the time interval from initial gas exposure to when the
resistance change reaches 90% |Ra − Rg|. Similarly, the recovery time
was measured from the beginning of the purge phase to the point
when the resistance returns to 90% of |Ra − Rg|.

2.4. Data Processing and Pattern Recognition
2.4.1. Feature Extraction. To extract the features of the gas

response curves, the response cycle was divided into three stages: the
stabilization stage (0 to 5 s), the response stage (5 to 200 s), and the
recovery stage (200−400 s). As shown in Figure 1, six distinct features
were extracted based on the response data of the sensor array,
including the steady-state value (SS), resistance change (DR),
response value (Res), the area under the resistance curve (AUC1),
area under the response curve (AUC2), and extrema of exponential
moving average (EMA). Detailed information about each feature is
summarized in Table 2. Briefly, SS represents the average resistance
value in the response stage. DR was defined as Ra − Rg. AUC1 is
defined as the area between the resistance change curve and the x-axis
during the response phase, while AUC2 is the area between the
response curve and the x-axis during the response phase. EMA is a
smoothing method that recursively computes a weighted average of

Table 1. Thickness of Supered Sensing Films for Each
Sensor

sensors ZnO, Pd, and Au film thickness [nm]

ZPA1 ZnO 410 + Pd 1.2 + Au 1.2
ZPA2 ZnO 410 + Pd 1.2 + Au 2.4
ZPA3 ZnO 410 + Pd 1.2 + Au 3.6
ZAP1 ZnO 410 + Au 2.4 + Pd 0.6
ZAP2 ZnO 410 + Au 2.4 + Pd 1.2
ZAP3 ZnO 410 + Au 2.4 + Pd 1.8
ZnO ZnO 410
ZP ZnO 410 + Pd 1.2
ZA ZnO 410 + Au 3.6

Figure 1. A typical example demonstrating feature extraction at the operating temperature of 425 °C. (a) Gas response phase division (120 ppm
H2); (b) AUC1 (ZPA2 in 120 ppm H2); (c) AUC2 (ZPA2 in 120 ppm H2); (d) EMA (ZAP2 in 120 ppm H2 with � = 0.1).
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the first-order differences of the sensor responses (R[t] − R[t − 1]),
thereby smoothing trends and enhancing transient features. The
recursive EMA at time t, y[t], is defined as y[t] = (1 − �) y[t − 1] +
�(R[t] − R[t − 1]). The extrema of the curves after EMA were used
as features, which yielded 42 distinct features from 3 different � values
(0.1, 0.2, and 0.3) and 7 sensor channels.

2.4.2. Optimization Algorithm. PSO is a population-based
optimization algorithm inspired by the collective foraging behavior of
birds. It models a group of individuals (particles), each representing a
potential solution, as they explore the search space by dynamically
updating their position and velocity based on both individual and
collective experiences. Through iterative adjustments and information
sharing among particles, the swarm converges toward the global
optimum. Here, we employed PSO to select the optimal feature
subset from a total of 77, effectively reducing dimensionality and
computational complexity while preserving critical information for gas
classification.

For a feature space of dimension D = 77, each particle, i, encodes a
candidate feature subset, where positions xi ∈ [0, 1]D represent
feature selection probabilities. xij represents the probabilistic
preference for selecting the jth feature (j ∈ {1,2,···,D}). The velocity
vij governs the evolutionary trajectory of xij across iterations.
Compared with a threshold of 0.5, a specific feature is determined
to be selected or not. PSO dynamics adhere to

v t wv t cr p t x t c r g t x t( 1) ( ) ( ( ) ( )) ( ( ) ( ))ij ij ij ij j ij1 1 2 2+ = + +

(1)

x t x t v t( 1) ( ) ( 1)ij ij ij+ = + + (2)

where w is the inertia weight, c1 = c2 = 2 are acceleration coefficients,
r1, r2∼U(0,1) are random variables, pij denotes the personal best
position (highest-fitness solution historically found by particle i), and
gj is the global best position (highest-fitness solution across the
swarm). If the classification accuracy of the current location is higher,
then pij will be updated. The gj always refers to the particle position
with the highest fitness in the current population. Both pij and gj were
updated dynamically to guide the search. Through 100 independent
PSO runs with 20 iterations each, features with a high visiting
frequency were selected for the optimal subset.

2.4.3. Gas Qualitative Analysis Model. We evaluated five
machine learning models, including multilayer perceptron (MLP),
Gaussian naiv̈e Bayes (NB), decision tree (DT), k-nearest neighbors
(KNN), and SVM, with architecture-specific optimization. MLP
involved a single hidden layer with 70 neurons and a ReLU activation
function, trained using the Adam optimizer with a learning rate of
0.001. The SVM used a radial basis function (RBF) kernel with
hyperparameters automatically tuned through Bayesian optimization,
yielding � = “auto” (automatically determined as 1/n_features) and C
= 12. The kernel coefficient � governs the local sensitivity of the RBF
kernel, determining the complexity of the decision boundary by
modulating the spatial influence radius of the training samples. The
regularization parameter C controls the penalty strength for

misclassified training instances, directly regulating the model’s
tolerance to empirical errors. All models underwent rigorous 5-fold
cross-validation to ensure robustness. The PSO-optimized feature
subset was applied across the models.

3. RESULTS AND DISCUSSION
3.1. Microstructure Characteristics of Sensing Membranes
Pd or Au decoration can increase the surface roughness and
contact area of ZnO, as seen in the SEM photos of Figure 2b,c.

However, Au is found to form a separate phase over ZnO,
while Pd forms a uniform phase together with ZnO. As shown
in Figure 2d, the Pd/Au codecorated ZnO samples exhibit a
morphology similar to that of ZnO-Au but with an increased
Au phase size. The elemental components were analyzed using
EDS (see Figure S3 in the SI), revealing the distribution of
silicon (Si), Pt, oxygen (O), zinc (Zn), Pd, and Au
nanoparticles.

In the GIXDR characterization (Figure S4 in the SI), the
ZnO peaks align with the wurtzite structure of ZnO (JCPDS
No. 36-1451). However, there is no apparent difference in the
signal of ZnO and that of its three composites, i.e., ZP, ZA, and
ZPA1. It is because the small amount of the noble metal
cannot produce enough signal intensity. HRTEM character-
ization is carried out in order to verify the existence of these
decorations further, as shown in Figure 3. ZnO can be
identified by the lattice (111) planes with an interplanar
spacing of 0.261 nm (Figure 3a). Lattice fringes with measured
spacings of 0.231 and 0.263 nm can be found in ZP (Figure
3b), corresponding to the Pd (111) and PdO (101) planes,
respectively. In ZA (Figure 3c), lattice fringes with an
interplanar spacing of 0.238 nm are observed and assigned
to the Au (111) plane. Figure 3d displays lattice fringes with
spacings of 0.238 and 0.224 nm in ZPA1, attributed to the Au
(111) and Pd (111) planes, respectively, confirming the
coexistence of both Au and Pd within the ZnO matrix.
Furthermore, the EDS elemental mapping of the ZPA1
material cross-section (Figure S5 in the SI) clearly illustrates
the spatial distribution of O, Zn, Au, and Pd nanoparticles.

A comparative analysis of the XPS fine spectra of Pd-based
materials in their undecorated and Au-decorated states is
shown in Figure 4. The full elemental spectrum of ZAP2 is
provided in Figure S6 in the SI. The characteristic peak

Table 2. Feature Extraction from the Gas Response Curves

feature vector

number
of

features calculation formula

steady-state value (SS) 7 SS R
1
50 t

t
150

200

=
=

resistance change (DR) 7 DR = Ra − Rg

response value (Res) 7 Res = Ra/Rg

area under resistance
curve (AUC1)

7 AUC1 = ∫ 0
200Rtdt

area under response curve
(AUC2)

7 AUC2 = ∫ 0
200Resdt

extrema of exponential
moving average (EMA)

42 y[t] = (1 − �) y[t − 1] +
�(R[t] − R[t − 1]) (� = 0.1, 0.2,
0.3)

Figure 2. SEM images of the surface of ZnO gas sensors. (a) ZnO;
(b) ZP; (c) ZA; (d) ZPA1.
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content of each sample O 1s can be found in Table S4 in the
SI. Deconvolution of the high-resolution 3d orbital spectra
revealed two distinct chemical states: the metallic state Pd0,
characterized by double peaks at 335.33 eV (3d5/2) and 340.49
eV (3d3/2), and the oxidized state Pd2+, with corresponding
double peaks, shifted to 337.22 and 342.29 eV.30 In the
undecorated sample, the Pd0 peak exhibited significantly higher

intensity than that of Pd2+. Notably, after Au decoration, the
intensity of the Pd2+ peaks drastically decreased to a level near
the detection limit (signal-to-noise ratio <2). This pronounced
transformation in chemical states confirms the effective
suppression of Pd oxidation by Au decoration, particularly
under thermodynamically unfavorable high-temperature con-
ditions, thereby maintaining the stability of the metallic Pd

Figure 3. HRTEM images of the cross-section of ZnO-based sensing materials. (a) ZnO; (b) ZnO-Pd; (c) ZA; (d) ZPA1.

Figure 4. XPS spectra of the synthesized samples. (a) Pd 3d core level and (b−d) O 1s core level.
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state.14 It is hypothesized that this stabilization arises from
strong electronic coupling between Au and Pd, which enhances
the oxidation activation energy barrier of Pd through charge
redistribution. This synergistic antioxidation interfacial effect
provides a valuable insight into the design of highly stable
noble metal catalysts for high-temperature gas sensing.

Regarding the O 1s peak, the shape and position are
significantly altered after metal decoration. For pristine ZnO,
the O 1s spectrum exhibited a typical double-peak structure,
with binding energies at 530.64 eV (12.56%) and 532.18 eV
(87.41%),26 corresponding to lattice oxygen and surface-

adsorbed oxygen species, respectively. With the introduction of
Pd, the O 1s peak split into a triplet, with lattice oxygen at
530.56 eV (13.11%), surface defect oxygen at 532.27 eV
(70.89%), and chemically adsorbed oxygen species at 533.53
eV (16.01%). Remarkably, decoration with Au alone led to a
noticeable shift in binding energy: the medium-intensity peak
migrated from 532 to 531.67 eV (26.31%), and a new
adsorbed oxygen species was detected at 533.16 eV (34.22%).
In the Au−Pd codecorated system, the characteristic peaks
exhibited a trend of shifting toward intermediate binding
energies.

Figure 5. Current−voltage characteristics of (a) Pd and Au bimetallic decorated ZnO sensors and (b) pure ZnO sensor in ambient conditions at
room temperature.

Figure 6. Gas response performance of ZnO-based gas sensors. (a,c,e) The total response of each sensor toward 20−160 ppm H2, 20−80 ppm
C2H4, and 5−20 ppm C2H2, respectively. (b,d,f) Examples of the relative resistance changes of the sensors at an operating temperature of 425 °C
during the injection of target gases with different concentrations and purging with a carrier gas, alternately.
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In pristine ZnO, the surface oxygen species were dominated
by weakly active adsorbed oxygen (87.41%), lacking highly
active oxygen species, rendering insufficient gas molecule
adsorption and low sensitivity. In Pd-decorated ZnO, surface
defect oxygen (532.27 eV) accounted for 70.89%, while high-
binding-energy adsorbed oxygen (533.53 eV, hydroxyl oxygen)
accounted for 16.01%, making it susceptible to humidity
interference. In Au-decorated ZnO, a medium-binding-energy
adsorbed oxygen component emerged at 531.67 eV (26.31%),
which may correspond to more reactive O− species. However,
the high-binding-energy adsorbed oxygen (533.16 eV)
accounted for 34.22%, indicating surface hydroxyl enrichment
and poor stability. After Pd−Au codecoration, surface defect
oxygen became dominant, and the proportion of high-binding-
energy adsorbed oxygen decreased. The gradient distribution
of oxygen species (531 and 533 eV) provided active sites with
different energy thresholds, enabling differential adsorption of
multiple gases and facilitating gas classification and identi-
fication.

In the Au−Pd codecorated sample, the O 1s peak binding
energies (531.39−533.00 eV) exhibited intermediate-state
shifts, suggesting the formation of an electronic synergistic
channel at the bimetallic interface. The strong oxygen affinity
of Pd promoted the formation of oxygen vacancies, providing
active sites, while the high conductivity of Au accelerated
charge transfer and reduced interfacial resistance.14 The
synergistic interaction between Pd and Au optimized the
band structure of ZnO, enhancing the regulation of gas
adsorption−desorption kinetics.

I−V curves of pure ZnO display linear ohmic behavior,
whereas Pd/Au codecorated ZnO exhibits nonlinear rectifying
characteristics, as shown in Figure 5. The nonlinear trend is
consistent with the typical features of a Schottky barrier.31 It is
hypothesized that the introduction of noble metal decorations
leads to the formation of a Schottky junction between the Pt
electrodes and the ZnO sensing film, influenced by the
dynamic modulation of oxygen vacancies and surface states.
The presence of a Schottky junction creates an energy barrier
that contributes to the enhanced sensitivity of the gas
sensors.32

3.2. Gas-Sensing Properties of the Sensor Array

The responses of the sensors at different temperatures, ranging
from 275 to 575 °C, are presented in Figure S7 in the SI. All
sensors exhibit the maximum response at 425 °C, and
therefore all experiments in this work were carried out at the
operating temperature of 425 °C. Table S5 in the SI displays
the response time and recovery time of each gas sensor. The
bimetallic codecorated sensors (i.e., ZAP/ZPA) achieve
significantly higher response values and shorter response
times compared to their single-metal counterparts (i.e., ZA/

ZP). The response and corresponding time−response curves
of ZnO-based gas sensors toward H2, C2H4, and C2H2 are
presented in Figure 6. Across the measured concentration
range, the sensor response increases consistently with rising gas
concentration. Among the test tensors, ZAP1, ZAP2, and
ZAP3 exhibit higher responses to H2, while ZPA2 and ZPA3
show higher responses to C2H4, and SAP1 and pure ZnO
demonstrate slightly higher responses to C2H2. These results
indicate that different sensors exhibit distinct response profiles,
supporting efficient gas discrimination and classification within
the sensor array. The diversity in response characteristics and
sensitivity among the sensors underscores the effectiveness of
bimetallic decoration in improving the overall sensing
performance. The response and corresponding time−response
curves for each gas sensor in gas mixtures are presented in
Figure S8 of the SI. ZAP1 and ZAP2 have a higher response to
all gas mixtures. The overall response of the three ZAP sensors
is slightly higher than that of the three ZPA sensors.

The selectivity test for ZAP1 and pure ZnO toward 20 ppm
H2, C2H4, C2H2, CO, and 200 ppm CH4 reveals that the Pd−
Au comodification significantly enhances sensing responses to
H2, C2H4, and C2H2, with particularly pronounced improve-
ments for H2 and C2H2, as shown in Figure S9 in the SI.
Conversely, low responses are maintained for CO and CH4,
demonstrating enhanced selectivity toward H2, C2H4, and
C2H2. Additionally, the sensor’s cyclic stability was verified at
20 ppm H2, C2H4, and C2H2, showing excellent repeatability.
Long-term stability was further confirmed by monitoring the
baseline resistance over 6 days and tracking ZAP1’s gas
response over three consecutive days (Figure S10 in the SI),
with results indicating minimal drift in baseline resistance and
stable response amplitudes. As shown in the results, the
introduction of Au and Pd can significantly enhance the
sensing performance, particularly in terms of response
amplitude, toward multiple combustible gases. This enhance-
ment is attributed to the charge transfer between the ZnO and
Au/Pt interfaces, which increases the electron depletion layer
thickness, resulting in a higher response and a larger dynamic
range. Density functional theory studies reveal that Au and Pd
significantly narrow the band gap of ZnO and increase the
density of states at the Fermi level, thereby enhancing its
conductivity; both metals also modify the adsorption behavior,
enabling selective gas interactions.13,24,33−35 For a detailed
discussion of the underlying sensing mechanism, please refer to
Supporting Note 1 in the Supporting Information.

The limit of detection (LOD) for the target gas was
determined by combining the fitted calibration curves with
data from the blank samples. The LOD represents the lowest
concentration at which the analytical method can reliably
distinguish the target gas signal from the background.

Figure 7. Calibration curve of ZAP1 for (a) H2; (b) C2H4; (c) C2H2.
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Following the IUPAC-recommended approach, the LOD was
calculated using the formula LOD = 3�/a, where � denotes the
standard deviation of response signals from blank samples and
a represents the slope of the calibration curve. Based on this
method, the LODs for sensor ZAP1 were determined to be
4.22 ppm for H2, 10.3 ppm for C2H4, and 4.60 ppm for C2H2.

The calibration curves for H2, C2H4, and C2H2 are illustrated
in Figure 7.

To evaluate the performance of our sensors, we benchmark
the typical figure of merits of reported similar gas sensors, as
shown in Table 3. We can find that our Au−Pd codecorated
ZnO gas sensors exhibit high responses and fast response
times. On one hand, this implies a unique advantage of

Table 3. Benchmark of Response Performance of Different ZnO-Based Gas Sensors

gas materials synthesis method concentration (ppm) response (Ra/Rg) response time (s) references

H2 Co-doped ZnO hydrothermal method 50 6.5 200 17
H2 nanobrush ZnO plasma etching treatment 100 148 16 36
H2 Pd-GaN NWs MOCVD 500 1.34 3 21
H2 ZAP1 magnetron sputtering 20 13.92 ± 0.38 3 this work
C2H4 Co-doped ZnO hydrothermal method 50 23 480 17
C2H4 ZPA2 magnetron sputtering 20 7.54 ± 0.32 9 this work
C2H2 Co-doped ZnO hydrothermal method 50 53 475 17
C2H2 CuO/ZnO electrospinning 10 7.6 not mentioned 37
C2H2 ZAP1 magnetron sputtering 20 4.87 ± 0.26 21 this work

Figure 8. Comparison of different feature extraction methods through PCA graphs: (a) SS; (b) DR; (c) Res; (d) AUC1; (e) AUC2; (f) EMA.
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magnetron sputtering technology in the fabrication of gas
sensors, for its high-precision film control capability and
material diversity enable precise regulation of sensitive
materials. On the other hand, the selectivity and sensitivity
of the sensors can be tuned explicitly by optimizing the
codecoration sequence, providing a new strategy for
constructing sensor arrays that meet the needs of detecting
multiple gas mixtures.
3.3. Mixed Gases Classification

Principal Component Analysis (PCA) was employed to
visualize the extracted feature vectors in a 3D space, enabling
the study of the effectiveness of feature extraction methods.
PCA performs an orthogonal transformation of the original
features into linearly uncorrelated principal components sorted
by descending variance. The fundamental principle of PCA lies
in its ability to preserve directions of maximal data variance
(i.e., the most informative components) while maintaining
orthogonality constraints to ensure component independence.
Here, we employed PCA to project the features from the seven
different sensors (a total of 280 samples) onto two dominant
principal axes in the perspectives of SS, DR, Res, AUC1, AUC2,
and EMA, enabling intuitive visualization of the underlying
data distribution. The PCA plots of different features are
shown in Figure 8. Among the gases, C2H4 responses showed
significant differences from those of the other gases. Features,
such as SS, Res, and EMA, effectively distinguished the pure
gases (H2, C2H4, and C2H2). However, mixed gases exhibited
substantial overlap in their distributions. Binary mixtures (e.g.,
H2 + C2H2 and C2H4 + C2H2) showed partial separation in SS,
DR, Res, and EMA. The results suggest that linear PCA alone
may provide sufficient discriminative power for complex gas
mixtures, necessitating the integration of complementary
analytical methods to improve classification accuracy.

Extracting 77 features is time-consuming, and the pattern
recognition model in a 77-dimensional feature space requires a
substantial number of computational resources. Therefore, the
PSO algorithm was employed to select the most crucial
features. The classification accuracy of the PSO algorithm
integrated with a neural network after each feature selection
iteration is illustrated in Figure 9a. The neural network used
here was a simple, fully connected feedforward architecture,
comprising an input layer, a hidden layer, and an output layer.
The feature selection results dynamically determined the input

layer dimension, while the hidden layer consisted of 64
neurons with ReLU activation. The output layer dimension
was the number of classes, i.e., 7, in the classification task. The
model was optimized using the cross-entropy loss function and
trained for 150 epochs with the Adam optimizer (learning rate
of 0.001). This neural network serves as the evaluation module
for PSO-based feature selection, quantifying the discriminative
capability of feature subsets through the classification accuracy
on the test set. It is observed that the accuracy of PSO
fluctuated with an average accuracy of 84.54% and a maximum
accuracy of 91.07% over 100 iterations. The selected frequency
of the 77 features during the 100 iterations of PSO is shown in
Figure 9b. PSO predominantly selected five features, namely,
features 36, 45, 27, 37, and 21 (features represented by
numbers are listed in Table S6 in the SI), which were chosen
with higher frequencies compared to the others.

An SVM classifier with an RBF kernel was employed to
evaluate gas discrimination performance using the same data
set, which was labeled with seven distinct gas classes. The
model was configured with fixed hyperparameters (C = 12, � =
auto) and validated through stratified 5-fold cross-validation to
ensure robustness. In each fold, the data set was partitioned
into training (80%) and test (20%) subsets, while preserving
the original class distribution. The model was trained to
optimize the decision boundary on the training subset and
evaluated on the test subset. Due to the absence of an
independent test subset, cross-validation was used to estimate
the generalization error. To ensure computational reproduci-
bility, fixed random seeds were applied (random_state = 24 for
data splitting and random_state = 42 for SVM initialization).
This approach helps mitigate overfitting and aligns with the
constraints of embedded systems, where limited hardware
resources preclude extensive hyperparameter tuning.

The classification accuracies of different feature sets using
the SVM classifier are presented in Table 4. When using
individual features, SS and EMA achieved accuracies of 93.71%
and 93.57%, respectively. The combination of the four most
frequently selected features by PSO yielded an accuracy of
95.71%. Using all five PSO-selected features further improved
the accuracy to 96.07%. Notably, the accuracy is only 1.07%
lower than that obtained using all 77 original features,
demonstrating that the PSO can significantly reduce feature
dimensionality while maintaining classification performance.
This reduction substantially lowers the computational load and

Figure 9. (a) Classification accuracy of PSO in each iteration. (b) Total selected times of each feature during the 100 iterations.

Table 4. Classification Accuracy of Different Feature Sets Based on the SVM Classifier

feature vector SS DR Res AUC1 AUC2 EMA PSO-4 PSO-5 ALL

accuracy (%) 93.71 87.17 91.07 92.14 92.50 93.57 95.71 96.07 97.14
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hardware requirements, making the approach suitable for real-
time embedded system applications. The classification
confusion matrices for all feature sets are presented as Figure
S11 in the SI, which further highlight the increased difficulty of
distinguishing gas mixtures compared to single-gas classifica-
tion tasks.

Additionally, other machine learning models for qualitative
gas analysis were investigated and compared to the SVM
classifier. All models were trained using the five features
selected by PSO as input and evaluated through 5-fold cross-
validation. To ensure a fair comparison and optimal perform-
ance, the Bayesian optimization method was employed to tune
the hyperparameters for each model. The classification
accuracies of all models are listed in Table 5, where the
SVM achieves the highest precision, demonstrating its superior
performance for the selected feature set and classification task.

4. CONCLUSION
In this study, ZnO gas sensors were fabricated via magnetron
sputtering and enhanced through bimetallic surface decoration
with Pd and Au to enable the efficient detection of H2, C2H4,
and C2H2 in complex gas environments. Comprehensive
characterization using SEM and XPS confirmed the synergistic
modulation of surface oxygen species distribution by Pd/Au
codecoration. Experimental results demonstrated that the Pd/
Au decoration significantly improved the sensor’s sensitivity
toward the target gases. To further optimize performance, PSO
and SVM algorithms were employed to reduce the
dimensionality of the sensor feature space while maintaining
high classification performance. A classification accuracy of
96.07% was achieved in seven different pure and mixed gas
samples. This study demonstrates the effectiveness of
integrating material science with machine learning for the
development of next-generation gas sensing technologies,
offering a promising solution for real-time monitoring in
complex and dynamic environments.
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