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ABSTRACT: The digitization of human senses has driven innovation across various
technologies and transformed our daily lives, yet the digitization of olfaction remains a
challenging frontier. Artificial olfactory systems, or electronic noses (e-noses), offer
great potential for environmental monitoring, food safety, healthcare, and the fragrance
industry. However, integrating sensor arrays that mimic olfactory receptors remains
difficult, typically requiring complex, repetitive, and costly fabrication processes. In this
research, we report the development of a porous laser-induced graphene (LIG) sensor
array with in situ-doped cerium oxide nanoparticles for the classification of odorant
molecules. By adjusting the laser irradiation parameters, we achieve a high degree of
physical and chemical diversity in both LIG and CeOx. Consequently, a sensor array
exhibiting diverse response patterns to different odorant molecules can be fabricated
through one-step laser irradiation of a polymer precursor. Using t-distributed stochastic
neighbor embedding (t-SNE) and support vector machine (SVM)-based machine
learning, we accurately predict the type and concentration of nine odorant molecules used in perfumes and cosmetics,
achieving a high accuracy exceeding 95%. This study provides a rapid and straightforward solution for creating functional
olfactory receptor-mimicking arrays, advancing the development of artificial olfaction systems.
KEYWORDS: laser-induced graphene, laser process, cerium oxide, electrical nose, odorants, machine learning, flexible device

Human senses are increasingly digitized through sensors,
which have become ubiquitous in our daily routines.
Prominent examples include image sensors and displays for
vision, microphones and speakers for hearing, and pressure
sensors combined with haptic technology for touch. These
technologies not only replicate but also extend beyond natural
human capabilities, enabling the visualization of infrared light
and the detection of ultrasonic sounds.1 Notably, the olfactory
process, which transmits stimuli from gaseous chemical
substances to the olfactory cortex via electrical signals, plays
a crucial role in detecting hazardous smells for survival and has
vast potential applications in food, fragrance, and health
industries. However, the digitization of the sense of smell,
considered the most primal and strongly linked to human
memory, has been relatively slower compared to other senses.
Odorant receptors do not bind to odorant molecules in a

one-to-one manner. Instead, they use a “combinatorial coding”
process, where odorant molecules bind to multiple odorant
receptors to convey information about the scent (Figure 1a).2

This mechanism allows humans to distinguish approximately
one trillion different smells with only about 400 types of
olfactory receptors.3 Recent studies have attempted to mimic
this olfactory system by constructing gas sensor arrays

integrated with signal processing to create an electrical nose
(e-nose). In the early stage, e-noses were composed of large
and individual sensors, making it challenging to emulate the
diversity of olfactory receptors.4−6 Additionally, the difficulty
of miniaturization limited their suitability for personalized
systems and real-world applications.7,8 To address these
challenges, various methods have been explored to fabricate
sensor arrays with diverse sensing materials, such as metal
oxides and graphene derivatives, on an integrated single
substrate.9,10 Several groups, including Moon et al. and Kang et
al., fabricated chemiresistive sensor arrays by depositing
multiple metal oxides onto a 4-in. wafer to detect NO2 and
harmful VOCs, respectively.11,12 Recent studies have also
introduced catalysts and gas-active materials to improve
selectivity.13,14 However, most previous methods require
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complex vacuum deposition involving multiple masks to
comprise diverse sensing materials. Furthermore, thin films
based on chemical vapor deposition and physical vapor
deposition tend to exhibit lower sensing performance due to
their low surface area-to-volume ratios.10,12,15 Meanwhile,
many e-noses using graphene derivatives involve the
cumbersome transfer of dispersed solutions, making them
unsuitable for mass production.16−18 Therefore, an efficient
olfactory mimicking system requires the development of sensor
arrays that (1) exhibit different response patterns to odorant
molecules, (2) can be manufactured with simple processes, and
(3) possess high surface areas.
In this article, we report a laser-induced graphene (LIG)

array with uniformly in situ doped catalytic nanoparticles for
odorant classification. LIG, obtained through direct laser
irradiation of various organic or polymer substrates, has
garnered remarkable attention as a chemical sensing platform
due to its intrinsic porosity and abundant surface functional
groups.19−21 Although the use of pristine LIG alone is limited
in gas sensor applications due to insufficient reactivity, recent
studies, including our latest research, have demonstrated the
real-time ultrasensitive detection capabilities of LIG integrated
with functional gas sensing materials such as MoS2, VO2, and
Cu3HHTP2 metal−organic frameworks (MOFs).22−24 Fur-
thermore, the morphological and chemical environments of
LIG can be significantly altered by adjusting laser irradiation
conditions. For example, varying the pulses per inch (PPI) and
laser power can modify the properties of LIG, ranging from
superhydrophobic to superhydrophilic, transforming its
structure from isotropic pores to nanofibers or altering the
number of defects.19,25−27 Despite these impressive gas sensing
performances and various tunability, previous studies have

primarily applied LIG as single sensors for detecting limited
specific gases (e.g., NH3, NO2) and have rarely been employed
in e-noses for classifying odorant molecules. To address this
gap, we developed an artificial olfactory system by introducing
catalytic CeOx nanoparticles into a LIG array (CeLIG, Figure
1b). Recently, ceria nanoparticles have been highly regarded as
effective sensitizers in chemiresistive sensing layers due to their
thermochemical stability, exceptionally high redox activity, and
introduction of additional active sites.28,29 Also, an n-type
semiconducting CeOx can form heterojunctions with the p-
type carbon material, resulting in sensitive electrical trans-
duction.30,31 The laser irradiation process allows for the
formation of the sensor array in a single step under ambient
environment and easily modifies the chemical properties of
LIG and CeOx, determining the response patterns to odorant
molecules.
The fabricated sensor could distinguish nine odorant

molecules using t-distributed stochastic neighbor embedding
(t-SNE) supported visualization platforms. Moreover, we
developed a support vector machine (SVM)-based machine
learning (ML) model that successfully achieved over 95%
accuracy in predicting the type and concentration of exposed
odorant molecules (Figure 1c,d). This study extends the
application of e-noses, traditionally used for detecting highly
reactive inorganic gases like NO2, NH3 or toxic VOCs, to
odorant molecules used in perfumes and the cosmetic
industry.13,32 Finally, by utilizing LIG fabricated on lightweight
polymer substrates, we demonstrated the potential for
application in flexible devices, overcoming the limitations of
conventional e-noses, which are predominantly confined to
rigid substrates.10,11

Figure 1. (a) Human olfactory olfactory system consisting of olfactory receptors, olfactory bulb, and olfactory cortex. (b) The fabrication
process of the cerium oxide-doped laser-induced graphene (CeLIG) array for the facile mimicry of olfactory receptors. (c) Distinguishable
response patterns and machine learning process for odorant prediction. (d) Prediction of nine odorant molecules.
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RESULTS AND DISCUSSION
Fabrication of Biomimetic Olfactory Platform Using

LIG. Figure 1b illustrates the fabrication process and structural
schematic of CeLIG. The CeLIG platform was fabricated
through direct laser irradiation of a polyimide (PI) film doped
with a cerium-containing precursor. Initially, cerium nitrate
was dissolved in N-methyl-2-pyrrolidone (NMP) solvent to
facilitate direct loading into the liquid PI. This mixture was
then spin-coated onto a substrate and cured at 200 °C to form
a thin film. The subsequent step involved programmed laser
writing under various photothermal conditions, precisely
following the sensor pattern on the cerium-loaded PI film.
This process enabled mask-free production of sensors, which
was scalable for mass production and eliminated the need for
complex vacuum equipment. During laser irradiation, the PI
was converted into porous LIG, while the cerium precursor
simultaneously transformed into CeOx nanocrystals. The
uniform doping of small-sized CeOx nanoparticles is critical
as it minimizes sensor-to-sensor variation and enhances the
active surface area, which is essential for high-performance
sensing.33 However, the introduction of functionalities into
LIG through nanoparticle coating has primarily been achieved
via ex situ processes, such as electrodeposition and drop-
casting.21 These methods require a two-step process and often
suffer from significant drawbacks, including nanoparticle
aggregation, inhomogeneity (leading to device-to-device
variation), and large particle sizes.34,35 Moreover, they could
alter the original morphology of LIG or collapse porosity,

leading to reduced surface area.36 To address these issues, we
adopted an in situ fabrication process for CeLIG. This
approach ensured uniform sensor fabrication, maintained the
intrinsic porous structure of LIG, and significantly enhanced
surface reactivity by minimizing issues related to particle
aggregation and size variation. The in situ process also
simplified production, making it more suitable for scalable
manufacturing.

Analytical Characterization of Nanoparticle-Embed-
ded LIG. We conducted a comprehensive analysis to confirm
the formation of CeLIG. Please note that this section aims to
confirm the formation of CeLIG processed under a
representative single condition (500 PPI, 10% specific
power), while the subsequent section will explore variations
in channel composition due to different processing parameters.
The scanning electron microscopy (SEM) image of CeLIG in
Figure 2a reveals a typical interlaced porous structure of LIG.
The formation of numerous macropores is attributed to local
explosions and the release of gaseous species during the
photothermal decomposition of the Ce-doped PI film under
laser irradiation.20 These pores are crucial for enhancing the
surface area, which is beneficial for gas-sensing applications.
The transmission electron microscopy (TEM) image (Figure
2b) and energy-dispersive X-ray spectroscopy (EDS) images
(Figure 2c-f) show the uniform distribution of CeO2
nanoparticles across the LIG sheet. The characteristic lattice
spacings of 0.32 and 0.27 nm corresponding to the (111) and
(200) planes of CeO2, respectively, were clearly visible in high-

Figure 2. Analytical characterization of CeLIG. (a) The SEM image of CeLIG shows its macroporous nature. (b) The TEM image of CeLIG.
(c−f) EDS-TEM images of CeLIG display a uniform distribution of all elements: electron, cerium, carbon, and oxygen maps, respectively.
(g) The high-magnification TEM image of CeLIG clearly shows the CeO2 lattice structure. (h) Uniform size distribution of cerium oxide
nanoparticles embedded in LIG. (i) Raman spectrum and (j) XPS O 1s spectrum of CeLIG. (k) Energy band diagram of CeLIG illustrating
the formation of the pn junction between typical cerium oxide and LIG.
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resolution TEM (Figure 2g).37,38 The average size of the
nanoparticles was 6.47 ± 0.79 nm (Figure 2h, n = 150), with a
very narrow size distribution and no signs of aggregation.
The homogeneity of CeO2 nanoparticles was inferred from

the (1) rapid heating/cooling process during nuclei formation
and (2) the influence of LIG, which serves as a functional
backbone. The rapid heating and cooling due to the
photothermal effect of the laser could provide optimal

conditions for nanoparticle synthesis. The photothermal effect
induced by laser irradiation provided optimal conditions for
nanoparticle synthesis, where the drastic heating ensured
simultaneous formation and growth of nuclei within the
irradiation area, achieving homogeneous nanoparticle size
distribution.39,40 Moreover, minimizing the movement of
nanoclusters during thermal treatment was also crucial for
nanoparticle growth. Hence, the introduction of a defective

Figure 3. Chemical and physical diversification of the CeLIG sensor array. (a) Heat map of the electrical resistance regarding specific power
and pulse-per-inch (PPI) of laser irradiation. (b) Raman spectra of CeLIG with different specific powers (fixed 100 PPI). (c) ID/IGand (d)
I2D/IGratio as a function of laser irradiation parameters. (e) Normalized atomic percentages of carbon, oxygen, and cerium with variations in
specific power of laser irradiation and PPI change. (f) XPS Ce 3d spectra with increasing specific power (fixed 200 PPI). (g) Area
percentages of the deconvoluted u’’’ peak showing the compositional changes of Ce3+ and Ce4+ with varying specific power (fixed 200 PPI).
(h−m) SEM images of CeLIG processed under different specific powers in fixed 200 PPI ((h, k) 5%, (i, l) 10%, and (j, m) 15%). Scale bar,
200 μm in panels h−j and 50 μm in panels k−m.
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backbone for strong surface coupling with nanoclusters has
been highlighted.37 LIG possessed an abundance of defect sites
and functional groups, as indicated by a strong D peak in the
Raman spectrum of graphitic material (ID/IG = 1.147, Figure
2i). Also, in X-ray photoelectron spectroscopy (XPS) revealing
the chemical environment of CeLIG (Figure 2j), the O 1s
spectrum showed a strong C−O peak (532.1 eV) and C�O
peak (533.5 eV) along with O−Ce peak (529.9 eV), which
indicates the presence of hydroxyl and carboxyl groups on the
LIG carbon surface.21 Therefore, the surface-functionalized
LIG carbon backbone could assist in the stabilization and
immobilization of cerium nanoclusters, preventing their
uncontrolled coalescence. Furthermore, the in situ-formed
CeO2 nanoparticles, being monolithically generated, could
strongly bind with the backbone compared to ex situ transfer
methods, providing enhanced stability for applications in gas
sensing, catalytic reactions, or under mechanical move-
ments.37,41 Thus, we successfully embedded small-sized
CeO2 nanoparticles uniformly into LIG using the laser process.
The energy band diagram of CeLIG (Figure 2k) elucidates

the enhancement in gas sensing performance due to CeOx
doping. When n-type CeO2, with a bandgap energy of 3.1 eV
and a work function of 3.3 eV, forms a junction with p-type
narrow bandgap LIG, which has a work function of 4.5 eV, a
depletion layer is established due to the built-in potential
(Figure S1).42 This pn heterojunction at the interface is an
effective strategy for enhancing the sensing performance of gas
sensors based on metal oxides and various carbon deriva-
tives.9,22 In particular, the heterostructure with well-dispersed
nanoparticles maximizes the number of depletion layers,
thereby amplifying the conversion of chemical changes into
electrical signals. When the adsorbed target gas is a reducing
gas, the electron concentration in CeOx increases, strengthen-
ing the pn junction, which in turn widens the depletion layer
and increases resistance.43 Conversely, when an oxidizing gas is
adsorbed, the energy band shifts in the opposite direction,
leading to a decreased resistance. Thus, even minor changes in
charge carrier concentration can be effectively translated into
significant sensor responses.

Chemical and Structural Diversification of Sensors
through Laser Parameter Changes. The diversity of
sensors is crucial to enhance the performance of artificial
olfactory devices. A sensor array with different chemical and
physical properties can generate distinguishable response
patterns for various odorants, thereby improving classification
accuracy. To achieve this diversity, we adjusted the specific
power and PPI, which are the most commonly used parameters
for tuning the chemical and physical characteristics of LIG
using commercial laser sources.19,25,44 The PPI parameter
represents the pulse stacking density along the laser traveling
direction.
Figure 3a shows the heat map of electrical resistance changes

in response to varying laser parameters. Increased laser power
and PPI elevated the laser fluence, promoting the graphitiza-
tion of PI substrate and resulting in lower resistance.44 In
addition, Figure 3b−d displays the results of Raman spectros-
copy, a powerful tool for characterizing carbon derivatives. The
appearance of the G and D peaks confirmed the conversion of
the polymer precursor into sp2 carbon-rich materials.45 Also,
the presence of the 2D peak, which is the second-order
overtone of the D peak, served as a fingerprint for graphitic
material.46 As the specific power increased from 5% to 20%
and the PPI increased from 100 to 500, the ID/IG ratio, which

signifies the defect density, decreased from a maximum of 1.51
to a minimum of 0.88. Conversely, the I2D/IG ratio, indicating
thinner sp2 carbon layers and the quality of graphene, increased
from a minimum of 0.54 to a maximum of 0.77. The increased
laser fluence induced localized high temperature and pressure
conditions, which enhanced the carbonization, graphitization
and exfoliations, thereby producing thinner and higher quality
sp2 carbon layers.19,20 This trend is consistent with resistance
heatmap results (Figure 3a). Although LIG-based e-nose
systems have not been reported, previous studies using
reduced graphene oxide (rGO) achieved gas selectivity by
varying the reducing agents, leading to different quantities of
defects and functional groups.16 Therefore, this study presents
a method to create various sensors with different reaction
characteristics depending on the degree of graphene
exfoliation, surface oxidation, and defect density by changing
laser irradiation conditions without complicated wet chemistry.
Figure 3e displays the three-dimensional mapping of the

atomic percentages of carbon, oxygen, and cerium, calculated
using XPS surface analysis. Each element was normalized for
visualization. Also, the ratios of oxygen and cerium atoms to
carbon atoms and the original data are provided in Figure S2
and Tables S1−S3, respectively. Laser irradiation under
ambient conditions led to the oxidation of the carbon surface
as the specific power increased.20 Consequently, the carbon
content decreases while the oxygen content increases. This
change was most pronounced under the 200 PPI condition.
Additionally, the atomic percentage of cerium varied from
0.19% to 0.89%, depending on the laser parameters.
The variation in laser parameters not only affected the

carbon backbone of CeLIG but also introduced diversity in the
CeOx nanoparticles. The chemical environment and valence
state of CeOx catalytic nanoparticles in CeLIG were
investigated through the XPS Ce 3d scan, as shown in Figure
3f. The oxidation state of cerium significantly affects the energy
structure, bandgap, and redox catalytic activity, thereby
diversifying gas response patterns.42 Specifically, many studies
have demonstrated that the amount of Ce3+ significantly and
directly enhances the catalytic activity of cerium oxide.29,37,47,48

The Ce 3d core-level spectrum was divided into the ″u″ and
″v″ groups, corresponding to Ce 3d3/2 and Ce 3d5/2,
respectively, with a spin−orbit separation of 18.6 eV. Each
component was further split into multiple peaks. Peaks at v
(882.8 eV), v’’ (887.8 eV), v’’’ (898.6 eV), u (901.4 eV), u’’
(907.4 eV), and u’’’ (916.9 eV) were attributed to Ce4+ states,
while peaks v0 (880.5 eV), v’ (885.4 eV), u0 (900.1 eV), and u’
(904.2 eV) indicated Ce3+ states. This observation suggested
the coexistence of Ce (III) and Ce (IV) mixed valency state
within CeOx, implying high redox activity of Ce. Notably, the
quantification of Ce3+ was implemented by calculating the
relative percentage area of the u’’’ peak, which is unrelated to
the amount of Ce3+ (i.e., the area of the u’’’ peak is inversely
correlated to the amount of Ce3+).47,49 Thus, it was observed
that the proportion of Ce3+ increased with rising laser power
(Figure 3g). This phenomenon is attributed to the increased
power of the laser process, which promotes the generation of
oxygen vacancies in the metal oxide at high temperatures,
thereby encouraging the formation of Ce3+ to maintain charge
neutrality.29,50,51 Therefore, varying the laser parameters could
create a gradient in the amount of Ce3+ and consequently
modulate the catalytic activity of cerium oxide. Furthermore, as
the amount of Ce3+ increases, Ce 4f orbitals become partially
filled, narrowing the bandgap and resulting in changes in the
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depletion region, as shown in Figure 2k.29,52 These changes
lead to a diversification of gas response patterns, providing a
straightforward method for designing sensor arrays.
The laser process could also impart morphological diversity

to LIG. As shown in SEM images (Figure 3h−m), as specific
power increased, the formation of the large volume of
anisotropic fibers became more pronounced, whereas lower
power conditions yielded isotropic porous structures. The
rapid generation of gas due to laser irradiation drastically
increased the local pressure, causing simultaneous carbon-
ization, expansion, and exfoliation, which can transition the
LIG from a porous to a fiber-like structure.19,26

Odorants Classification with CeLIG-Based E-Nose.
Leveraging the chemical and physical diversity introduced into

CeLIG through variations in laser parameters (specific power
and PPI), we developed an artificial olfactory sensor array. This
array consisted of ten sensors, each fabricated under different
laser irradiation conditions (details provided in the Methods
section). The sensor array was tested against nine representa-
tive odorants with cognitive significance�geraniol (floral), D-
limonene (citrus), octanal (waxy), eugenol (spicy), 1-heptanol
(fruity), 2-ethylfenchol (earthy), cis-3-hexenol (green), 2,3,5-
trimethylpyrazine (nutty)�and ethanol, as shown in Figure
4a. These scents are nontoxic and possess unique aromas,
making them widely used in fragrances, food additives, and
perfumes.53 As illustrated in Figure 4b, repeated exposure to
these scents resulted in changes in the resistance values of each
sensor, from which the response value was calculated. Thus, we

Figure 4. CeLIG response data for different odorants. (a) Structural formulas of nine odorant molecules used in the fragrance industry (1-
heptanol, 2,3,5-trimethylpyrazine, 2-ethylfenchol, D-limonene, eugenol, geraniol, octanal, cis-3-hexenol, and ethanol). (b) Dynamic sensing
curve for ten CeLIG sensors for D-limonene at 1000 sccm gas flow (10 min for exposure and 50 min for recovery). (c) Polar plots showing
diverse response patterns of ten sensors to different odorants. All measurements were conducted at room temperature without using a
heater.
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could extract ten features for each scent from the sensor array.
The average response values were plotted on a radar graph, as
shown in Figure 4c (the overall measured response values in
each sensor are provided in Tables S4−S12). As a result, it was
possible to confirm distinct response patterns that allow clear
differentiation between the scents. Additionally, unlike tradi-
tional metal oxide semiconductor gas sensors that typically
require high temperatures (>250 °C) or light sources for
activation, the LIG-based gas sensor can operate at room

temperature, which makes it energy-efficient, simplifies the
device configuration, and enables the use of flexible
substrates.9,22,23

It is important to note that odorant molecules often possess
multiple functional groups or complex structures. For example,
these molecules comprise various combinations of different
length alkyl groups (methyl, ethyl, heptyl, etc.), which act as
nearly nonpolar electron donors, alcohol groups as strong
electron donors, phenol and ether groups as weak donors,

Figure 5. Odorant classification using machine learning algorithms. (a) Schematic illustrations of the data processing strategy for machine
learning-based odorant prediction. (b) Classification results of nine different odorant molecules by t-SNE and SVM algorithms. (c)
Confusion matrix of the actual versus predicted classes in the training set. (d) Uncertainty estimates in the form of predicting probabilities
(the axis range is identical to that of Figure 5b).
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aldehydes as weak acceptors, and pyrazine rings as
intermediate acceptors. Consequently, these molecules have
rarely been used in previous gas sensor studies to avoid
complexity, and their reaction mechanisms remain largely
unexplored. In practical applications for diverse odor molecule
classification, a one-to-one match of reaction mechanisms with
gas sensor arrays may be inefficient. Therefore, this study
emphasizes the development of sensors capable of generating
significant differences in response patterns rather than focusing
on one-to-one reaction mechanisms between sensors and odor
molecules.
Figure 5a illustrates the data processing workflow for

predicting the types and concentrations of odorant molecules
using ML. First, as shown in Figure 4, the responses of ten
integrated sensors were collected for various types and
conditions of gas species. The classes and concentrations of
odorant molecules were then labeled in the data set. For ML
feature data, the response values from the ten sensors were
extracted and subjected to dimensionality reduction using t-
SNE, transforming the data into a 2D space. This unsupervised
learning-based data preparation allows high-dimensional data
with many features to be represented in a reduced-dimensional
space while preserving the distances between data points, thus
aiding in computational efficiency and visualization.10,54,55

Finally, the labeled data (answer data) and feature data were
used to train the SVM algorithm, one of the most popular and
powerful supervised learning algorithms. The trained model
was utilized to classify the type of odorants and predict their
concentrations through regression.
The scatter plot of Figure 5b presents the t-SNE results

derived from the response values obtained from the CeLIG-
integrated sensor array. The t-SNE algorithm identified a 2D
representation that best preserves the distances between data
points.54 Through manifold learning, the 10-dimensional
Euclidean distances were converted to 2D coordinates,
allowing each odorant molecule class to be distinctly clustered
without overlap. This approach provided a meaningful
visualization of the large data set, which was too complex to
analyze in its original form (Tables S4−S12) or via the radial
plot (Figure 4c).

In order to identify and predict nine different ordered
molecules, ML was performed using the obtained t-SNE data
as feature data. SVM, a widely used supervised learning
technique for classification problems, is an algorithm that finds
a hyperplane to classify data and can learn an effective classifier
in the feature space using the kernel method.7,10 In this study,
the SVM model was implemented with a radial basis function
kernel to enhance its ability to handle nonlinear relationships
within the data. The data set was split into 70% for training
and 30% for testing, with the SVM model trained on the
training set and its performance evaluated on the test set. For
accurate generalization, the test set was not used for parameter
selection or model training. Figure 5b shows the results of
applying the SVM model to display the decision boundary map
of 2D t-SNE coordinates. The trained model provided
distinguishable boundaries for the nine odorants within the
dimensionally reduced space, offering clear visual information.
Figures 5c and S3 show the confusion matrix of the actual
versus predicted classes for the nine odorants from the trained
SVM classification results. The trained model demonstrated a
high prediction accuracy of 97.46% on the training set and
97.06% on the test set, indicating successful generalization
without overfitting or underfitting. Figure 5d illustrates the
uncertainty estimates from the classifier in the form of
predicting probabilities. Each subplot corresponds to a specific
odorant class, with the color gradients on the heatmap
depicting the model’s confidence in predicting each class. Red
regions on the map indicate high probabilities, suggesting that
the classifier is highly confident in those predictions, while blue
regions represent lower probabilities, indicating areas of
uncertainty or weaker classification confidence. Therefore,
the trained classifier shows concentrated high-probability
regions that do not significantly overlap, resulting in a low
risk of false positives or false negatives.
The concentration of odorants was predicted by utilizing

support vector regression from the scikit-learn machine-
learning library. The concentration of fragrance plays a key
role in determining the depth, persistence, and overall
perception of the fragrance. As the ratio of carrier gas to
base gas increases to 1:3, 1:1, and 3:1, Figures 6a and S4 show
the true concentration data on the x-axis and the predicted

Figure 6. Machine learning-based odorant prediction data and performance comparison. (a) Predicted odorant concentration versus true
odorant concentration for 2,3,5-trimethylpyrazine, D-limonene, and 1-heptanol in the training set. (b) Comparison of reported room-
temperature chemiresistive gas sensors in terms of the number of gases and molecular similarity (Tanimoto coefficient).
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data on the y-axis. The solid red lines represent the ideal
prediction curve (y = x), and the dashed blue lines show the
linear approximation of the predicted data using regression.
The R2 accuracy calculated using the residual variance for the
test set also showed high values, with 96.34%, 94.44%, and
99.92% for 2,3,5-trimethylpyrazine, D-limonene, and 1-
heptanol, respectively (99.34%, 99.99%, and 100% for the
training set). These results demonstrate that t-SNE-based data
processing provides clear and intuitive visual information, and
ML-based models can accurately predict both the type and
concentration of odorants.
Odors in real-world environments often exist as complex

mixtures rather than single compounds, as seen in multi-
component perfumes. Identifying individual components
within such mixtures is crucial for developing practical sensors.
To address this, we adopted multivariate SVM regression to
predict the concentrations of individual molecules within a
mixture. Figure S5 illustrates the results of predicting the
concentrations of d-limonene, which has a fresh citrus aroma,
and eugenol, known for its distinctive spicy scent, in their
mixture. Our olfactory system successfully predicted the
concentrations of each component with an accuracy of over
98% on both the training and test data sets. Similarly, in the
mixture of cis-3-hexenol (green) and geraniol (floral), the
concentrations of individual elements could be predicted with
high accuracies of 98.3% and 94.47% for the training and test
sets, respectively (Figure S6). These results demonstrate the
system’s ability to accurately estimate individual components
in complex mixtures, highlighting its potential to contribute to
the development of next-generation electronic noses capable of
distinguishing intricate odors.
To quantitatively evaluate the selectivity of the fabricated

sensor, we compared it with previously reported chemiresistive
type gas sensors operating at room temperature. Among the
various calculation methods, the Tanimoto coefficient was

selected to measure molecular similarity, which is widely
utilized in cheminformatics and computational chemistry due
to its computational efficiency.56,57 Figure S7 presents a
heatmap showing the similarity between each pair of odorants.
Subsequently, Figure 6b displays the number of gas classes
used in the selectivity assessment of reported room-temper-
ature chemiresistive type gas sensors and their molecular
similarity, including our study.22,58−69 The molecular similarity
used here was the maximum value derived from calculating the
Tanimoto coefficient for all possible gas pairs. The results
indicated that the fabricated CeLIG sensor array could
effectively distinguish multiple types of similar gases (odors),
ranking it as one of the most selective sensors.
It is important to note that this comparison includes not

only e-noses designed for odor differentiation but also single
sensors targeting specific gases. Artificial olfaction platforms
capable of distinguishing a large number of odorant molecules
at room temperature have been relatively rare. This capability,
combined with the simplicity of the structure, low energy
consumption, and stability, could facilitate the expansion of
artificial olfaction platforms into broader applications beyond
traditional targets like NO2, NH3, and certain VOCs to include
more complex odorant molecules.

Application to a Flexible Device. Flexibility is a crucial
characteristic for applying sensor platforms in various fields,
such as patch-type sensors, smart packaging, or outdoor
environments.70 When designing this sensor platform, even if it
has excellent mechanical stability, unstable electrical character-
istics can disrupt sensor operation. To ensure reliable
performance, it is crucial to establish an operating range
where both mechanical and electrical stability are maintained.
As shown in Figure 7a, which measures the mechanical stress
and electrical resistance changes under the tensile process, the
operating range should be confined within a strain of 3%
(indicated by the blue-shaded area), where both mechanical

Figure 7. Stress analysis and flexibility test of CeLIG. (a) Stress−strain curve in a tensile process to fracture point. (b) Cyclic stress−strain
curve of CeLIG on the flexible polymer substrate. (c) Computational simulation of the stress distribution of the polymer film by finite
element analysis (FEA). (d) Predicted stress and strain curves regarding various bending radii. (e) The fatigue test shows no variation in
electrical resistance during the cyclic bending (thickness and radius of curvature are 50 μm and 2.5 mm, respectively).

ACS Nano www.acsnano.org Article

https://doi.org/10.1021/acsnano.5c03601
ACS Nano 2025, 19, 17850−17862

17858

https://pubs.acs.org/doi/suppl/10.1021/acsnano.5c03601/suppl_file/nn5c03601_si_001.pdf
https://pubs.acs.org/doi/suppl/10.1021/acsnano.5c03601/suppl_file/nn5c03601_si_001.pdf
https://pubs.acs.org/doi/suppl/10.1021/acsnano.5c03601/suppl_file/nn5c03601_si_001.pdf
https://pubs.acs.org/doi/10.1021/acsnano.5c03601?fig=fig7&ref=pdf
https://pubs.acs.org/doi/10.1021/acsnano.5c03601?fig=fig7&ref=pdf
https://pubs.acs.org/doi/10.1021/acsnano.5c03601?fig=fig7&ref=pdf
https://pubs.acs.org/doi/10.1021/acsnano.5c03601?fig=fig7&ref=pdf
www.acsnano.org?ref=pdf
https://doi.org/10.1021/acsnano.5c03601?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as


and electrical stability are guaranteed. Additionally, in the case
of the hyperelastic flexible substrate used in this study, when a
load lower than the previously applied maximum load is
applied, it exhibited nonlinear and irreversible elastic behavior
due to stress softening, known as the Mullins effect.71 To more
accurately predict and analyze mechanical behavior, it was
necessary to conduct cyclic tests of loading and unloading
within specific strain ranges to observe material behavior and
take this into account. To this end, we measured the cyclic
stress−strain (SS) characteristics within the strain range of 3%
set earlier, as shown in Figures 7b and S8. We then applied the
conditions and results that minimized changes in the SS
characteristics to the mechanical behavior analysis, aiming for
more accurate predictions.
Using the FEA analysis results based on the data from Figure

7b, we visualized the spatial distribution of internal stress
during bending and identified the locations where maximum
stress occurs (Figure 7c). This analysis allowed us to predict
the minimum achievable radius of curvature, as shown in
Figure 7d. We would like to note that the maximum stress and
maximum strain occurred on the outermost surface of the
flexible structure, where bending occurs at the smallest radius
of curvature during the bending. In Figure 7d, the flexible
structure could be designed to operate within a deformation
range that was electrically and mechanically stable (blue-
shaded area, radius of curvature > 1.7 mm).
However, the results obtained from this FEA analysis did not

account for fatigue failure that may initiate from invisible
microcracks as cyclic loading progresses. Thus, direct
verification through cyclic loading tests was necessary. Based
on the FEA results that incorporate the Mullins effect, we
selected small radius curvatures of 2.0 mm and 2.5 mm, which
fall within the electrically and mechanically stable range, to
conduct fatigue tests (Figure 7e). Although the 2.0 mm radius
of curvature was within the stable range, cyclic fatigue tests
revealed that, while the structure maintained operational
stability during a limited number of bending cycles, invisible
damage accumulated and propagated after exceeding 1000
cycles, compromising structural stability. Conversely, at the 2.5
mm radius of curvature, which provides a safer margin within
the electrically stable range, the initial resistance value was
preserved even after 30,000 cycles of cyclic bending. This
result indicates that flexibility optimization enables the device
to operate reliably without fatigue failure under repetitive
bending conditions. Therefore, the CeLIG platform holds
significant potential for future applications requiring a flexible
e-nose.

CONCLUSION
In this study, we demonstrated the fabrication and application
of a LIG-based e-nose integrated with uniformly in situ-doped
CeOx nanoparticles for effective odorant classification. The in
situ doping of CeOx nanoparticles was achieved simultaneously
with the formation of LIG through a one-step laser irradiation
process, which significantly simplified the fabrication process
and ensured uniform nanoparticle distribution. Notably, the
laser parameters could be adjusted to fine-tune the properties
of the active channels without the need for complex deposition
processes, offering a convenient method for creating sensor
arrays that mimic the human olfactory system. Our results
showed that the CeLIG e-nose effectively classified nine
distinct odorant molecules used in the cosmetics and perfume
industry. The t-SNE technique facilitated the visualization and

dimensionality reduction of the sensor data, highlighting the
distinct response patterns of each odorant. Furthermore, the
SVM-based ML model achieved over 95% accuracy in
predicting the type and concentration of the odorants. The
mechanical flexibility of the CeLIG sensors was also validated,
indicating their potential for integration into flexible electronic
devices and compatibility with scalable processes such as roll-
to-roll printing. Collectively, this study represents a significant
advancement in the development of e-noses, demonstrating
their potential for applications in traditional industries like
environmental monitoring, food safety, and healthcare, as well
as emerging fields such as fragrance marketing. The unique
combination of simplified fabrication, tunable properties, and
robust classification capability positions establishes the CeLIG
e-nose as a promising tool for future sensor technologies.

EXPERIMENTAL SECTION
Preparation of Precursor Materials. All chemicals were

obtained from commercial sources and used without further
purification. Ce(NO3)3·6H2O, NMP solvent, and all odorants were
purchased from Sigma-Aldrich. PI liquid (VTEC PI-1388) and
Kapton PI were purchased from the RBI and 3 M companies,
respectively.

Fabrication of CeOx Nanoparticle-Embedded LIG. 720 mg of
Ce(NO3)3·6H2O was dissolved in 8.3 mL of NMP by sonication. This
solution was then mixed with 41.7 mL of liquid PI and vigorously
stirred at room temperature to form a total of 50 mL of PI resin
containing the cerium precursor. The solution was spin-coated onto a
glass substrate covered with Kapton tape at 2000 rpm for 30 s,
followed by soft baking at 100 °C. This process was repeated five
times to achieve the desired thickness, and the final curing was
performed at 200 °C.
The laser process for fabricating CeLIG was carried out using a

Universal Laser System VLS 4.60, adjusting specific power and PPI
(with speed fixed at 50%). In this process, a 25W laser cartridge was
used, and the focus was adjusted to the surface of the substrate.
Unless otherwise specified, the conditions used for characterizing
were 10% specific power and 500 PPI. Vector scanning was used to
pattern filament-type channels of 1 mm in length for the
manufacturing of the sensors used for the CeLIG e-nose. The contact
pad was patterned by rastering and coated with Ag paste for a stable
connection with the probe tip. A total of 10 different CeLIG channels
were produced under varying laser process parameters (Ch.1:5%
specific power and 200 PPI, Ch.2:5% specific power and 500 PPI,
Ch.3:10% specific power and 200 PPI, Ch.4:10% specific power and
500 PPI, Ch.5:15% specific power and 100 PPI, Ch.6:15% specific
power and 200 PPI, Ch.7:15% specific power and 500 PPI, Ch.8:20%
specific power and 100 PPI, Ch.9:20% specific power and 200 PPI,
and Ch.10:20% specific power and 500 PPI).

Analytical Characterization. The morphologies of CeLIG were
observed by field emission scanning electron microscopy (FE-SEM,
Hitachi SU8020). The ultrahigh resolution TEM was performed using
a Thermo Fisher Themis Z TEM instrument. For the preparation of
TEM samples, CeLIG was peeled off from the substrate and
transferred onto a lacey carbon-supported nickel TEM grid. High-
resolution Raman spectra were obtained by employing a Renishaw
inVia Qontor system using 532 nm laser excitation with a laser power
of 50 mW. XPS and UPS were performed using an NEXSA G2
(Thermo Scientific).

Testing of Odorant Sensing Performance. The chemiresistive
response was measured using a custom-made odorant sensing test
system. A combination of a system switch/multimeter (Keithley
3706A) and precision source/measure units (KEYSIGHT B2902A)
was employed to measure the real-time electrical resistance of a
multichannel sensor array. A DC voltage of 5 V was applied. An
artificial olfactory chip with 10 integrated channels (20 mm × 20
mm) was mounted on a zig equipped with multiprobe tips for
electrical probing. To control the measurement time for a single
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channel at one point, the number of power line cycles (NPLC) was
set to 1. Additionally, the delay time before and after moving to the
next measurement was set to 0.001 s per point. Gas flow was
controlled by a mass flow controller (M3030VA, Line Tech). All
measurements were conducted at room temperature, with 10 min of
exposure followed by 50 min of recovery. The concentration of
odorant molecules was controlled by varying the ratio of base N2 gas
to carrier N2 gas flowing into the odorant-containing bubbler. The
total gas flow was maintained at 2000 sccm, with carrier gas:base gas
ratios of 500:1500, 1000:1000, and 1500:500 to increase the
concentration of odorant molecules. For mixed odorant experiments,
we generated mixed odors by varying the carrier gas flow rates into
two separate bubblers, each containing a different fragrance. The flow
rate combinations were set to 500:1500, 1000:1000, and 1500:500
sccm, allowing us to create mixtures with varying ratios of
concentration.
The response of the gas sensor was calculated using eq 1:

R R RResponse ( )/ 100 (%)0 0= × (1)

where R is the resistance after exposure of the target gas and R0 is the
initial resistance of the sensor.

Machine Learning-Based Data Processing. For data analysis,
the response values of each sensor were used as features. The t-SNE
analysis was performed to reduce the multidimensional parameters
(Tables S4−S12) to 2D using the Python scikit-learn library.
Classification of odorant types and regression for concentration
prediction using SVM were performed with the Python scikit-learn
library, utilizing an RBF kernel. The training set and test set were
divided in a 7:3 ratio. Tanimoto coefficients for comparing molecular
similarity were obtained by converting each chemical compound to a
simplified molecular input line entry system (SMILES) notation and
using the Python RDkit library.

Flexibility Test. The stress−strain (SS) curve and electrical
resistance changes during the tensile process were measured using an
SFM-100kN universal testing machine (United Calibration). The
crosshead speed was 20 mm/min. Real-time resistance changes were
recorded by connecting a jig and a digital multimeter (Keithley 2001)
with a copper wire. For cyclic bending tests to evaluate fatigue failure,
a 1-axis motion controller from SCIENCETOWN was utilized.
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