2026 |IEEE 39th International Conference on Micro Electro Mechanical Systems (MEMS) | 979-8-3315-7251-8/26/$31.00 ©2026 IEEE | DOI: 10.1109/MEMS64181.2026.11419558

AI-ENHANCED E-NOSE BASED ON FILM BULK ACOUSTIC
RESONATORS FOR IDENTIFICATION OF VOLATILE ORGANIC

COMPOUNDS

Luwei Wang', Mengyao Xiao', Weixin Liu’, Dongxiao Li', Yingpeng Wang', Ying Zhang’, Yao Zhi?,
and Chengkuo Lee'

"Department of Electrical & Computer Engineering, National University of Singapore, SINGAPORE

and

*Institute of Microelectronics (IME), Agency for Science Technology, and Research (A*STAR),
SINGAPORE

ABSTRACT

Real-time detection of volatile organic compounds
(VOCs) is critical for various applications such as
environmental monitoring, disease diagnosis, and smart
farming, driving the rapid development of electronic-nose
(e-nose) technologies. Microelectromechanical systems
(MEMS) enable miniaturized VOC sensing, among which
film bulk acoustic resonators (FBARs) stand out for their
superior sensitivity derived from ultrahigh resonant
frequencies. Here, we propose an artificial intelligence
(Al)-enabled e-nose based on a graphene oxide (GO)
functionalized FBAR to realize various VOC detection.
Leveraging the machine learning data analytics, our system
achieves 100% accuracy in classifying three VOCs. In
addition to frequency shift, time-domain responses during
adsorption and desorption yield are incorporated for
capturing richer dynamic fingerprints, enabling accurate
identification and concentration prediction of VOC
mixtures.
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INTRODUCTION

VOC detection plays an important role in agricultural
safety, industrial environments, and disease monitoring [1],
[2]. Over the past decade, VOC sensors based on different
working mechanisms have been developed [3]. Most
existing systems focus either on identifying a single VOC
or recognizing different mixing ratios of VOC mixtures.
However, identifying and predicting the concentrations
within VOC mixtures remains a great challenge [4].

MEMS-based VOC sensors based on cantilevers [5],
quartz crystal microbalances (QCMs) [6], surface acoustic
wave (SAW) [7], and film bulk acoustic resonators
(FBARSs) have attracted growing attention due to their
ability to detect minute variations in surface mass loading
[8]. Among them, FBARs, with their high resonant
frequencies in the gigahertz range, excellent integrability,
and microscale footprint, represent a highly promising
platform for VOC sensing [9], [10], [11].

Most existing VOC sensing systems employ sensor
arrays coated with different sensing materials to achieve
multi-gas detection [12], [13], but this strategy increases
fabrication complexity and circuit integration challenges.
Temperature-modulated sensing offers an alternative route
to diversify sensing responses [14], [15]. However, this
approach may also introduce fabrication complexity and
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have some limitations in practical use. By integrating
machine learning [16], it becomes possible to achieve
multi-VOC detection at room temperature using a single
sensing material [17]. Current systems predominantly use
frequency-domain features for training the machine
learning model, such as resonant frequency shifts and Si;
variations. However, quantitative prediction also remains
challenging. Recently, time-domain features capturing
adsorption—desorption dynamics have also gained
increasing interest, providing a pathway toward more
comprehensive VOC mixture analysis.
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Figure 1: Schematic diagram of the Al-enhanced e-nose
based on FBAR for identification of VOCs.

In this work, we reported an Al-enhanced e-nose based
on a scandium-doped aluminum nitride (ScAIN) FBAR
(Fig. 1). A GO sensing layer was deposited on the FBAR
to provide abundant surface sites for VOCs adsorption and
to capture VOC fingerprints with high sensitivity. Distinct
frequency-domain responses allow accurate classification
of single VOCs, including ethanol (ETH), isopropyl
alcohol (IPA), and methanol (MTH). In addition to
frequency-domain responses, time-domain responses are
also extracted to characterize the adsorption and desorption
dynamics of VOC mixtures. Leveraging these fingerprints
and with the aid of machine learning, our system achieves
VOC mixtures identification with an accuracy of 89.16%.
Furthermore, quantitative prediction of VOC mixtures
reaches accuracies of 85.22%, 84.46%, and 97.14% for the
mixtures of ETH: IPA, ETH: MTH, and IPA: MTH,
respectively, each evaluated across 15 concentration
combinations (i.e., 6 ppm: 19 ppm, 8.5 ppm: 16.5 ppm,
12.5 ppm: 12.5 ppm, 12.5 ppm: 37.5 ppm, 15 ppm: 45 ppm,
16.5 ppm: 8.5 ppm, 16.5 ppm: 33 ppm, 19 ppm: 6 ppm, 20
ppm: 40 ppm, 25 ppm: 25 ppm, 30 ppm: 30 ppm, 33 ppm:
16.5 ppm, 37.5 ppm: 12.5 ppm, 40 ppm: 20 ppm, and 45
ppm: 15 ppm). These combinations span mixing ratios of
1: 1, 1: 2, 1: 3, 2: 1, and 3: 1 across total concentration
levels of 25 ppm, 50 ppm, and 60 ppm, providing a
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comprehensive evaluation of the capability of the Al-
enhanced e-nose to quantify VOC mixtures under diverse
concentration regimes.

DESIGN AND CHARACTERIZATION
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Figure 2: (a) Cross-sectional view of FBAR. (b) Simulation
results of response curve scattering parameter S11 versus
frequency. (c) Vibration mode shape obtained from the
FEM simulation. The surface displacement amplitude is
shown in both the top view and cross-sectional view at the
eigenfrequency. (d) SEM image of the FBAR before GO
coated. (e) SEM Image of the FBAR after GO coated. (f)

XRD analysis of GO film. (g) FTIR spectrum of the GO film.

(h) AFM images of GO film.

The cross-sectional view of the FBAR is illustrated in
Fig. 2a, which consists of top and bottom metal electrodes,
and a ScAIN (15% Sc) piezoelectric thin film. The
membrane is suspended above an air cavity within the
silicon dioxide (SiO») layer, forming a square active region
for acoustic resonance. When a radio-frequency (RF)
signal is applied across the electrodes, the ScAIN layer
generates high-frequency acoustic waves, which are
confined within the membrane by the underlying cavity
through constructive reflection. Finite element (FEM)
simulation indicates a resonant frequency of ~1.47 GHz
(Fig. 2b), and the corresponding surface displacement
amplitude is shown in Fig. 2c, which reveals a higher
amplitude concentration at the center of the device. The
scanning electron microscopy (SEM) image of the
fabricated FBAR is shown in Fig. 2d. After GO film
deposition, the surface morphology (Fig. 2e) reveals a
characteristic ~ wrinkled  texture. = The  structural

characteristics of the GO film are verified by X-ray
diffraction (XRD), which exhibits the characteristic GO
(001) peak (Fig. 2f). Fourier transform infrared
spectroscopy (FTIR) indicates the presence of rich
functional groups in GO (Fig. 2g) that serve as active
adsorption sites. Atomic force microscopy (AFM) further
reveals the surface topology and roughness of the GO film
and indicates an average thickness of ~24.5 nm (Fig. 2h).

RESULTS AND DISCUSSIONS
Al Analysis of Single VOCs

With the GO-functionalized FBAR, the device is
exposed to three different VOCs: ETH, IPA, and MTH. Fig.
3a—c presents the Sii-frequency responses for ETH (Fig.
3a), IPA (Fig. 3b), and MTH (Fig. 3c). As the concentration
of each VOC increases, the resonant frequency gradually
decreases, which is primarily attributed to the mass-loading
effect caused by VOC adsorption on the GO sensing layer.
To further quantify the correlation between VOC
concentration and frequency response, the extracted
resonant-frequency shifts (4f) are plotted against
concentration in Fig. 3d. All three VOCs exhibit a clear
monotonic trend, where higher concentrations lead to
larger negative frequency shifts. Among them, ETH
induces the largest frequency shift, followed by IPA and
MTH, indicating the different interaction strengths
between each VOC and the GO film. This concentration-
dependent behavior confirms the capability of the GO-
functionalized FBAR to serve as a sensitive and
discriminative platform for VOC detection.
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Figure 3: (a)-(c) The static characterizations for three
VOCs: (a) ETH, (b) IPA, (c) MTH. (d) Sensing response
under different VOCs with various concentrations.

Figure 4a shows the real-time response of the e-nose
under 10 cyclic exposures, consisting of 4 min N, purging
followed by 4 min exposure to 20 ppm ETH, exhibiting
high repeatability and stable frequency shifts across all
cycles. The principal component analysis (PCA)
distribution of the three VOCs (ETH, IPA, and MTH) is
shown in Fig. 4b, where the samples form separated
clusters in the reduced feature space. By applying a support
vector machine (SVM) classifier to the extracted features
of frequency-domain responses, classification of the three
single VOC:s is achieved, with the accuracy of 100%.
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Figure 4: (a) Real-time response to 20 ppm ETH under
cyclic exposure, showing good repeatability. (b) The
identification of VOCs by PCA plots in 3-dimension. (c)
The confusion matrices for VOCs classification base on
SVM.
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Figure 5: Time-domain responses for VOC mixtures with
different mixing concentrations. (a)-(c) ETH: IPA, (d)-(f)
ETH: MTH, (g)-(i) IPA: MTH.

The capability of the e-nose to discriminate VOC
mixtures was evaluated by testing three binary VOC
combinations: ETH: IPA (Fig. 5a-5¢), ETH: MTH (Fig. 5d-
51), and IPA: MTH (Fig. 5g-51). Each mixture set consisted
of 15 concentration pairs spanning mixing ratios of 1:1, 1:2,
2:1, 1:3, and 3:1 across three total-concentration levels: 25
ppm (Fig. 5a, Fig. 5d, Fig. 5g), 50 ppm (Fig. 5b, Fig. Se,
Fig. 5h), and 60 ppm (Fig. 5c, Fig. 5f, Fig. 5i). The broad
range of combinations aims to assess the capability of the
proposed e-nose to discriminate VOC mixtures across
diverse mixing ratios and concentration levels. For each
VOC pair, the sensor was sequentially exposed to N, the
VOC mixture, and N, again with identical timing intervals
to ensure consistent adsorption-desorption cycles. The total
gas flow rate was kept the same as that used for single-
VOC measurements. For ETH: IPA mixtures (Fig. 5a-5¢),
the real-time responses corresponding to different mixing
ratios appear highly similar within each total-concentration
level. Consequently, distinguishing different ETH: IPA

compositions based on the frequency shift is challenging.
For ETH: MTH mixtures (Fig. 5d-5f), real-time responses
show more noticeable variations among the mixing ratios.
Mixtures containing higher concentrations of ETH result in
larger downward frequency shifts and slightly faster
adsorption kinetics. For IPA: MTH mixtures, similar
behavior is observed. As the proportion of IPA increases,
the response curves show deeper frequency shifts and
faster adsorption. Since certain mixtures show overlapping
frequency-shift behaviors, frequency-domain information
alone is insufficient for precise identification.
Incorporating time-domain dynamics together with

machine-learning models allows the extraction of more
features, enabling reliable recognition and quantification of
VOC mixtures.

Figure 6: (a) Confusion matrix for different VOC mixtures.
(b) Confusion matrix for ETH: IPA mixtures at different
concentrations. (c¢) Confusion matrix for ETH: MTH
mixtures at different concentrations. (d) Confusion matrix
for IPA: MTH mixtures at different concentrations.

The developed SVM classifier was employed to
analyze the extracted features. Each sample consists of 55
data points collected during one full sensing cycle,
including exposure to N», the VOC mixture, and N,. The
entire dataset was randomly divided into training and
testing sets using an 8:2 split. As shown in Fig. 6a, the
classification of the three VOC mixture types (ETH: IPA,
ETH: MTH, and IPA: MTH) achieves an overall accuracy
of 89.16%. Beyond identifying mixture types, the SVM
model was further applied to quantitative estimation of
mixture  compositions across 15  concentration
combinations for each VOC pair. The corresponding
confusion matrices for ETH: IPA, ETH: MTH, and IPA:
MTH mixtures are achieved with the accuracies of 85.22%
(Fig. 6b), 84.46% (Fig. 6¢), and 97.14% (Fig. 6d),
respectively. The Al-enhanced e-nose demonstrates the
capability of resolving VOC mixtures across different
concentration levels. Mixtures with identical mixing ratios
but different total concentrations can be distinguished.
These results highlight that combining time-domain
response dynamics with machine-learning algorithms
allows the FBAR-based e-nose to achieve reliable
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classification and quantitative analysis of VOC mixtures,
showcasing the great potential of the Al-enhanced e-nose
for wide applications, including environmental monitoring,
industrial safety, and indoor air quality assessment.

CONCLUSIONS

In this work, we developed an Al-enhanced e-nose
based on a GO-functionalized FBAR for VOCs detection
and quantitative mixture analysis. By constructing features
from  frequency-domain  responses, single-VOC
classification achieved 100% accuracy. The proposed
machine learning approach incorporates time-domain
adsorption—desorption dynamics as additional features to
further realize VOC mixtures recognition with an accuracy
of 89.6% and quantitative prediction accuracies of 85.22%,
84.46%, and 97.14% for ETH: IPA, ETH: MTH, and IPA:
MTH mixtures, respectively. Overall, the proposed GO-
functionalized FBAR shows great potential as an e-nose for
VOC mixtures detection in widespread applications of
environmental monitoring, disease diagnosis, and smart
farming.
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