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ABSTRACT: Chemical vapor sensors are essential for various fields, including medical diagnostics and environmental monitoring.
Notably, the identification of components in unknown gas mixtures has great potential for noninvasive diagnosis of diseases such as
lung cancer. However, current gas identification techniques, despite the development of electronic nose-based sensor platforms, still
lack sufficient classification accuracy for mixed gases. In our previous study, we introduced multichannel hierarchical analysis using a
time-resolved hyperspectral system to address the spectral ambiguity of conventional RGB sensor-based colorimetric e-noses. Here,
we demonstrate the identification of mixed gas components through time-resolved line hyperspectral measurements with an eight-
colorimetric sensor array that uses genetically engineered M13 bacteriophages as gas-selective colorimetric sensors. The time-
dependent spectral variations induced by mixed gas in the different colorimetric sensors are converted into a hyperspectral three-
dimensional (3D) data cube. For efficient machine learning classification, the data cube was converted into a multichannel
spectrogram by applying a novel data processing method, including dimensionality reduction and a block average filter to reduce
high-dimensional complexity and improve the signal-to-noise ratio. A convolution filter was then used for hierarchical analysis of the
multichannel spectrogram, effectively capturing the complex gas-induced spectral patterns and temporal dynamics. Our study
demonstrates a classification accuracy of 93.9% for pure and mixed gases of acetone, ethanol, and xylene at a low concentration of 2
ppm.
KEYWORDS: gas mixture component identification, hyperspectral analysis, hierarchical analysis, colorimetric sensor, electronic nose

Chemical vapor sensors play a crucial role in numerous
scientific and industrial applications, most notably in

medical diagnosis and environmental monitoring.1−4 Recently,
the importance of complex gas component identification has
been demonstrated for disease diagnosis. In particular, several
studies have demonstrated that the identification of target
volatile organic compounds (VOCs) from human exhaled gas
enables disease diagnosis, including lung cancer.5−8

Electronic nose (e-nose) technologies mimic the human
olfactory system to detect and identify target gases and VOCs
by using an array of chemical sensors, each sensitive to specific
types of molecules.9−11 When exposed to a gas, an array of
sensors generates a fingerprint based on the species of the gas
or a component within a gas mixture. This pattern is
recognized and trained with machine learning (ML) to identify

and classify VOCs with a high accuracy of the classification. To
date, various signal processing and ML algorithms, such as the
k-nearest neighbors (KNN) algorithm,12,13 support vector
machine (SVM),14−16 or principal component analysis
(PCA),17−19 have been extensively studied for gas classifica-
tion. In particular, convolutional neural networks (CNN) have
demonstrated outstanding abilities to capture spatial patterns
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and hierarchical features in visual data.20−22 The utilization of a
convolution filter enables the model to learn while maintaining
the association between neighboring pixels, thereby conserving
spatial information and features.
Chemoresistive gas sensors have demonstrated high

sensitivity for detecting a target gas based on the interaction
between the material and the target gas;23−26 however, the
inherent limitation on expansion of reactive gas species in
chemoresistive type makes them not suitable for multigas
classification.27,28 In contrast, colorimetric sensors are
promising for e-nose-based complex gas component detection
due to their relatively simple sensor array manufacturing
method and gas selectivity of each sensor29−32 and have
already demonstrated excellent performance for multigas
component identification.33−35 However, multigas identifica-
tion in complex gas mixtures is still challenging and requires
advanced measurement and data processing methods. Conven-
tional colorimetric e-nose sensor systems utilize RGB optical
detectors to measure colorimetric changes in the sensor with
only three (red, green, blue) wide-band spectral channels,
which cannot capture the complete spectral response of the
colorimetric sensor array and therefore lose much information

about its spectral variation.36 In our previous study, which
focused on introducing a new system, we developed a new
hierarchical analysis of a multichannel spectrogram with a line
hyperspectral sensor system and verified its superior perform-
ance by comparison with a conventional RGB detector.
In this study, we demonstrate the identification of multigas

components in a gas mixture via multichannel hierarchical
analysis of time-resolved hyperspectral (TRH) data, utilizing
the line hyperspectral measurement-based multichannel
spectrogram. Unlike our previous study, which introduced
advanced hierarchical analysis using three-dimensional (3D)
hyperspectral data, we exploited this technique for the first
time for the identification of a gas mixture at a low
concentration level. Acetone, ethanol, and xylene were used
as target gases because these gases are not only common in our
living environment but also harmful to the human body, and
furthermore, detecting these gases in a gas mixture and
analyzing their components have the potential for noninvasive
lung cancer diagnosis.5,37,38 Our results showed a 93.9%
classification accuracy of both pure and gas mixture
components at a low concentration level of 2 ppm. The
increased classification performance was achieved by applying

Figure 1. Principle of the time-resolved hyperspectral measurement for complex gas classification. (a) Schematic of the time-resolved hyperspectral
measurement process with a colorimetric 1D line array sensor stimulated by complex gas molecules. The diffraction angle of the illuminated white
light (WL) on each colorimetric sensor is changed due to the gas-selective photonic crystal effects of the phage bundles stimulated by the target
gases. The 1D line hyperspectral system records a spectrum for every point on the line slit perpendicular to the slit on the imaging detector. CL,
collimating lens; CCD, charge-coupled device. (b) Measured time-resolved hyperspectral data is dimensionally reduced and rearranged into a
multichannel 2D spectrogram. (c) Schematic of the gas component identification process using a multichannel spectrogram-based CNN model.
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selective spectral and temporal filters to the multichannel
spectrograms in a low-gas concentration environment. The
multichannel spectrograms were trained with a CNN for
hierarchical analysis, enabling feature recognition of spectral
patterns and temporal dynamics in the spectrograms, which
allowed robust classification of gas components within gas
mixtures. This demonstrated advanced gas mixture identi-
fication performance has great potential for noninvasive disease
diagnostics, including lung cancer detection, due to the
inherent complexity of human breath composition and the
subtle biochemical variations induced by disease.

■ RESULTS AND DISCUSSION
Principle of the Time-Resolved Hyperspectral Meas-

urement for Complex Gas Classification. The TRH
system records the time dependence of a spectral change in
a colorimetric sensor line array during its interaction with a
complex gas (Figure 1a). The line hyperspectral measurement
is performed by a custom-built line-scan imaging device. It
consists of a dispersive spectrograph (SPECIM, ImSpector
V10E) with a telecentric lens (SPO, TCL0.8X-160−4M) to
achieve a planar image plane and minimize angular aberrations
and is coupled to an electron-multiplying CCD (EMCCD)
image sensor (Andor, Luca DL-640M) with a resolution of
1004 × 1002 pixels. The visible wavelength ranges from 400 to
800 nm and spans approximately 517 pixels on the image
sensor, and a subset of this range between 410 and 795 nm was
used in this work, covering 496 pixels. A radiometrically
calibrated incandescent tungsten halogen lamp (OceanOptics,
HL-3P-CAL) was used for intensity calibration of the raw

spectra from the image sensor prior to the measurements. This
setup enables automated time-resolved spectroscopy of a fixed
line region or a full-image hyperspectral scan of an object by
scanning the sample stage. In this work, TRH data was
acquired as a line section at a fixed sample position, providing a
time-varying spectrum for each image pixel along the line. The
achievable time resolution in this mode is limited by the
minimum image acquisition time of the EMCCD sensor,
approximately 33 ms, which is sufficient to capture the spectral
response dynamics of the bacteriophage sensors studied in this
work. Here, a 500 ms time interval was used for data
acquisition of over 600 s. The sampling rate of 500 ms was
selected by the consideration of the response time of the
employed M13 bacteriophage-based colorimetric sensor. The
response time of the genetically engineered M13 bacteriophage
was investigated as a VOC stimulation. Real-time light
scattering measurements were conducted every 50 ms under
ethanol stimulation by using a commercial spectrometer. Upon
exposure to ethanol, a red shift in the scattered light was
observed with a rapid response time of approximately 850 ms,
as depicted in Figure S1a. Moreover, a response time of 500
ms was observed for H2O molecules, which exhibit a relatively
higher binding affinity and fast response time compared to
other VOCs.36,39 Thus, a sampling rate of 500 ms can provide
the hyperspectral data that captures the dynamic response
behavior of the M13 bacteriophage sensor. The colorimetric
sensor array was arranged along this line, with each channel
predefined as a contiguous segment of line pixels assigned
along the line section to divide the data with each colorimetric
sensor. The scattered light from the colorimetric sensor array is

Figure 2. Data processing and filtering sequence of the multichannel spectrogram. (a) Schematic illustration of the 3D data cube, spatially
segmented into discrete channels with different sensor properties. (b) Dimensionality reduction from 3D to 2D is achieved by averaging the time-
resolved spectra across all spatial pixels within each channel. (c) Computing a delta spectrogram by subtracting the reference spectrum from the
measured spectrogram. (d) Multichannel delta spectrogram without filtering. (e) Data processed using a block average filter applied along the
spectral axis. (f) Data filtered with a multifilter, which applies both a block average and a moving average filter along the temporal axis; data
processing and filtering are performed independently for each channel.
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collinearly collected with a telecentric lens and enters the one-
dimensional (1D) line slit of the hyperspectral system. Here,
an optical grating projects the spectrum of each point along the
line slit orthogonally to the slit onto a CCD camera, thus
transforming the 1D line slit image into a 2D hyperspectral
image consisting of one spatial axis and one spectral axis.
We employed the M13 bacteriophage as the gas-selective

component of the colorimetric sensor, which exhibits a
dynamic photonic crystal effect upon gas stimulation,40 and
genetic engineering allows assigning unique gas selectivity for
each colorimetric sensor (see the Supporting Information for
details). This photonic crystal effect is facilitated by the self-
alignment of the M13 bacteriophages into bundles with a high
surface-to-volume ratio through the pulling method (Figure
1a). We employed a standardized fabrication process with
precise control over the pulling speed, ensuring the stable
reproducibility of the sensor.41 The repeatability of the utilized
colorimetric sensor is demonstrated in Figure S1b through
repeated ethanol exposure experiments, confirming consistent
performance across multiple cycles. In addition, the
chromaticity plot of the color change is shown in Figure S1c
in CIE coordinates, depicting distinct color changes with a red
shift of the initial green under ethanol stimulation. Addition-
ally, the long-term stability test was conducted over two
months using TRH measurements, confirming that the sensors
maintained consistent performance without significant degra-
dation, thereby supporting their sensing reliability (Figure S2).
The photonic crystal effect of the M13 bacteriophage upon gas
stimulation arises from intermolecular interactions between its
capsid proteins and target molecules. Since these interactions
are weaker than intramolecular forces, the chemical structure
of the capsid proteins remains intact even after repeated use,
ensuring long-term stability.
The measured TRH data are initially accumulated into a 3D

data cube, which consists of one spatial, one spectral, and one
time dimension (Figure 1b). This high dimensionality of the
3D data cube increases the complexity of data processing and
deep learning (DL) training;42,43 therefore, the 3D data cube is
dimensionally reduced into a 2D multichannel spectrogram
(see details below), which enables us to solve the high-
dimensional complexity but also substantially simplifies and
accelerates the hierarchical analysis with the CNN model.
Processing a multichannel spectrogram with a CNN captures
not only the spectral and temporal changes of each sensor but
also the hierarchical relations, including reactivity and response
time relationships within the sensor array. The identification of
pure and gas mixture species was conducted using an e-nose-
based artificial intelligence architecture, specifically a multi-
channel spectrogram-based CNN model (Figure 1c), which
classifies the chemical vapor composition based on the
multichannel spectrogram features via a convolution filter
and hierarchical analysis after successful training.

Hyperspectral Data Processing: Dimensionality Re-
duction and Feature Extraction. The hyperspectral data
obtained during the gas reaction at the colorimetric sensor
form a 3D data cube with three axes�spatial, spectral, and
temporal�and contain time-resolved spectral information
from the sensor array (Figure 2a). The abundant information
on colorimetric sensors within the 3D data cube leads to high-
dimensional complexity and a large data volume. This not only
entails substantial computational challenges for ML models but
also limits the noise robustness of the colorimetric sensor in a
low gas concentration environment, since the signal is

distributed over a large data volume, leading to reduced
signal-to-noise ratio (SNR). The high-dimensional complexity
and noise limitations can be alleviated through our data
processing method for dimensional reduction. First, the 3D
data cube is decomposed into individual spatial regions, or
channels, corresponding to each genetically engineered phage
sensor. Due to the linear configuration of the 1D spatial axis in
our line hyperspectral system, the colorimetric sensor array is
recorded simultaneously, enabling the extraction of spatially
separated signals from each channel. Since the phage types are
identical within such a region, the spectral properties do not
vary along the spatial axis within a channel, except due to noise
and nonuniformities of the sensors (Figure 2a). Second, each
channel’s 3D data cube is reduced to two dimensions by
averaging along the spatial axis during the measurement, which
results in a 2D spectrogram with a time and wavelength axis
(Figure 2b). Since bacteriophages of the same genotype exhibit
uniform color change responses due to their identical
physicochemical properties, spatial averaging is confined to
sensors with the same molecular composition. Although minor
signal variations may arise from surface roughness during the
self-assembly of M13 bacteriophages, this targeted averaging
reduces localized noise, enhances the signal-to-noise ratio
(SNR), and ensures a stable spectral response. Additionally,
reducing the data complexity through spatial averaging enables
more efficient data processing. Third, a delta spectrogram is
obtained by subtracting the reference spectrogram, which is
composed of the reference spectrum measured without the gas
from the spectrogram acquired during the gas exposure (Figure
2c). The delta spectrogram processing extracts only the time-
dependent spectral variations induced by the gas stimulation in
the colorimetric sensor to amplify dynamic changes, which also
improves the SNR. However, the generated delta spectrogram
still contains significant noise in a low-gas concentration
environment with systematic noise from the light source and
detector (Figure 2d). Fourth, a filtering process is applied for
noise reduction, employing a block average filter along the
spectral axis, which averages every set of five spectra (Figure
2e). This averaging process improves the SNR by reducing the
density of spectral samples in the hyperspectral data, which
contains a significant amount of redundant information,44

including a high degree of correlation between many spectral
bands. Lastly, a multifilter is applied along the temporal axis
consisting of a sequential block average filter binning the
temporal axis into five time segments and a moving average
filter (Figure 2f). Each channel is independently processed in
this way, and the resulting 2D spectrograms from each channel
are concatenated along the temporal axis to obtain a
multichannel 2D spectrogram (Figure S3). Therefore, the
multichannel 2D spectrogram contains a periodic temporal
axis, which sequentially represents the bacteriophage sensor
regions with different chemical properties.

Multichannel Spectrogram Analysis with Genetically
Engineered Bacteriophage-Based Colorimetric Sensor
Arrays. The M13 bacteriophages were genetically engineered
to assign gas selectivity through surface modifications of the
capsid protein (pVIII) for tailored chemical functionalities.
These modifications exploit the genetic versatility of M13
bacteriophages, enabling us to incorporate amino acids with
specific chemical properties that influence their interactions
with VOCs. Here, we have developed a highly integrated color
sensor array consisting of eight genetically engineered M13
bacteriophages (Figure 3a). The number of measurable sensors
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can be adjusted by employing a telecentric lens with an optimal
numerical aperture. By manipulating the gene encoding the
pVIII protein, we integrated amino acids from a natural library
of 20 common amino acids. These included residues with
distinct electrical charges (positively charged lysine [K],
arginine [R], and proline [P]; negatively charged glutamic
acid [E], and aspartic acid [D]), as well as hydrophobic side
chains (tryptophan [W], tyrosine [Y], and phenylalanine [F])
(Figure 3a, right table). This resulted in phages with
chemically diverse surfaces, grouped into three categories
based on their dominant interaction modes: (1) negative
charge interactions involving residues like lysine (K), arginine
(R), and glutamic acid (E); (2) positive charge interactions
facilitated by residues like aspartic acid (D) and proline (P),
and (3) π−π stacking interactions involving aromatic residues
like tryptophan (W), tyrosine (Y) and phenylalanine (F). This
customization enables the sensor to selectively interact with
VOC molecules based on their chemical properties, such as
polarity, charge, and aromaticity. To validate the observed
selectivity, density functional theory (DFT) simulations were
performed to calculate the binding energies of each amino acid
residue with the corresponding VOC molecules, as shown in
Figure 3b (detailed geometry optimization is shown in Figure
S4). These simulations modeled molecular interactions at the
atomic level and guided the selection of surface modifications,
leading to the identification of configurations that enhance
sensor performance, improving both sensitivity and selectivity

for detecting specific VOCs. While this study focuses on
acetone, ethanol, and xylene, which are related to noninvasive
lung cancer diagnosis, the M13 bacteriophage sensor is not
restricted to these gases.41,45 The time-resolved colorimetric
response in each genetically engineered phage sensor was
recorded with the hyperspectral system and processed into a
multichannel spectrogram; Figure 3c shows the multichannel
spectrogram with 2 ppm concentration of ethanol gas
stimulation. The interconnected regions sequentially show
the distinct colorimetric dynamics of each genetically
engineered phage sensor, including the spectral range, speed,
and intensity of the reaction. The multichannel spectrogram
was disassembled to observe the spectral response for phage
species in five different time regions representing consecutive
intervals after the initial gas exposure (Figure 3d). Each sensor
exhibits spectral variations in different wavelength ranges, and
especially the spectral response of phage sensor F case is tricky
to record with a conventional RGB detector because of the
cancel out effect from the broad response bandwidth of each
RGB detector.36 Additionally, the spectral response in the
colorimetric sensor array when exposed to pure and gas
mixtures was recorded with the hyperspectral system, which
exhibits distinct spectral intensity variations and response rates
depending on the gas type (Figure S5).
Color distance (CD) is a commonly used metric for

quantitative analysis of measured color changes. The time-
dependent CD of the 2D multichannel spectrogram was

Figure 3. Multichannel spectrogram analysis with genetically engineered bacteriophage-based colorimetric sensor arrays. (a) Chemical structure of
amino acids representing the functional capsid proteins and schematic illustration of a genetically engineered bacteriophage. (b) DFT-based
binding energy calculations between various amino acids and acetone, ethanol, and xylene gas, respectively. (c) Multichannel spectrogram results
for gas stimulation with ethanol (2 ppm concentration). (d) Spectral intensity variation of the multichannel spectrogram (c) in five different time
regions. (e) Hierarchical clustering analysis (HCA) for VOC classification based on color distance. (f, g) Color distance fingerprint from eight
different types of phage sensor arrays for various single gas (f) concentrations (1, 5, 10 ppm) and gas mixtures (g) with 2 ppm concentration.
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calculated by summing the absolute spectral intensity changes
at each wavelength by comparing the measured spectral
intensity and the initial spectral intensity (Figure S6). The
dynamic CD response of the system with various target gases
(acetone, ethanol, and xylene) at different concentrations (1, 2,
5, and 10 ppm) represents the system’s capability to analyze

gases across different concentration levels (Figure S7) and gas
mixtures (Figure S8). The time-dependent CD of the
genetically engineered phage-based color sensors increases
upon gas exposure, with a varying rate of increase depending
on the gas type. This provides a dynamic view of the reactivity
of the sensor toward VOCs, with each bacteriophage type

Figure 4. Hierarchical analysis of multichannel spectrograms via CNN. (a) Architecture of the proposed CNN for classifying the six gas types (i.e.,
acetone, ethanol, xylene, acetone/ethanol, ethanol/xylene, and acetone/xylene). (b) Multichannel spectrogram with optimized data processing. (c,
d) Loss, accuracy (c), and confusion matrix (d) result for CNN model trained with multichannel spectrogram. (e) Multichannel spectrogram
without data processing. (f, g) Loss, accuracy (f), and confusion matrix (g) result for CNN model trained with nondata processed multichannel
spectrogram. (h) Multichannel spectrogram with nonoptimized data processing. (i, j) Loss, accuracy (i), and confusion matrix (j) result for CNN
model trained with nonoptimized data processed multichannel spectrogram.
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displaying a unique response signature based on its surface
chemistry, as studied in DFT simulations. These time-response
curves show an asymptotic behavior, reaching saturation after
prolonged exposure to the target gas.
Hierarchical clustering analysis (HCA) and PCA were

performed by using the time-dependent CD (Figure S9). The
HCA classification accuracy for pure and gas mixtures at 2 ppm
concentration is 83.33%, which reveals a relatively low
classification accuracy (Figure 3e). This result shows that
conventional time-dependent CD value analysis is insufficient
for classifying low-concentration level gas mixture components
and necessitates the multichannel spectrogram-based DL
analysis method. Nonetheless, the CD fingerprint from eight
different types of phage sensor arrays shows their unique
signature patterns upon reacting with various gases (acetone,
ethanol, and xylene) and concentrations (1, 5, and 10 ppm),
indicating that our system not only has linear concentration-
dependent reactivity but also selectivity for different VOCs
(Figure 3f). The CD value of the CD fingerprint was calculated
by averaging time-dependent CD (Figure S6). The bacter-
iophages containing proline (P) and glutamic acid (E) showed
strong reactivity toward acetone and ethanol but a relatively
lower response to xylene. Conversely, phages with hydro-
phobic amino acids, such as tryptophan (W) and tyrosine (Y),
exhibited strong responses to xylene, attributed to the π−π
stacking interactions with the aromatic rings of xylene
molecules. This experimental result, correlated with the DFT
result, indicates that residues with aromatic side chains have
higher binding affinities for aromatic VOCs like xylene, while
charged and polar residues show stronger interactions with
polar solvents like acetone and ethanol. Additionally, the CD
fingerprint patterns of 1:1 ratio gas mixtures (2 ppm
concentration of each gas) show subtle differences depending
on the stimulated gas (Figure 3g). The engineered
bacteriophage types demonstrate high selectivity, even when
measured in complex gas mixtures. P-type and E-type strongly
interact with the mixtures containing acetone and ethanol,
while the F-type shows a strong response with xylene gas, as
demonstrated with single gases.

Hierarchical Analysis of Multichannel Spectrograms
via Convolutional Neural Networks. The multichannel 2D
spectrogram generated from the 3D data cube measured by
hyperspectral imaging exhibits a complexity that makes it
challenging to analyze such colorimetric measurements using
simple algorithms. DL approaches are highly effective in
extracting features from complex data. In particular, CNN
excels at capturing spatial patterns and hierarchical features
through its layered architecture, automatically extracting deep
features, which has been proven to be highly successful in
visual tasks such as image classification.22 The CNN
framework is particularly effective for analyzing the multi-
channel 2D spectrogram data for several reasons. First, the 2D
convolutional filters in the CNN architecture share weights
across both spectral and temporal dimensions, allowing for
efficient extraction of spatial features enriched with spectral
information from the multichannel 2D spectrogram. Addition-
ally, it can learn while maintaining the relationships between
adjacent data points across both the wavelength and temporal
dimensions, capturing the gradual spectral shifts that occur
during the interactions of the colorimetric material with the
gas.46,47 Second, pattern recognition in multichannel spectro-
grams, which are composed of spectrograms from spatially
distinct channels, allows capturing of both the spectral

characteristics of each channel and the hierarchical relation-
ships between channels.36 Consequently, analyzing multi-
channel 2D spectrograms using CNN provides a comprehen-
sive understanding of both local features and hierarchical
relationships, making it highly effective for recognizing
complex patterns in the temporal and spectral data of
colorimetric sensors with multiple channels as well as the
relationships between channels.
The CNN architecture used for selective gas detection is

applied to the preprocessed multichannel 2D spectrogram data
collected from our gas sensor array targeting six different gas
compositions (Figure S10). The architecture of the CNN
model consists of three convolutional layers, followed by a
flattening layer. Each convolutional layer applies a 2D
convolution with a kernel size of 3 × 3, using the ReLU as
the activation function, followed by a max-pooling layer with a
pool size of 2 × 2 to effectively extract features. The final dense
layer, with 6 units and a softmax activation function, is used for
classification (Figure 4a).48 The CNN model utilizes multiple
convolutional layers to simultaneously reduce the dimension-
ality of the input data and extract important features, thus
preventing information loss while unavoidable sensor back-
ground drift and system noise are removed, thereby enhancing
classification accuracy.
The loss and accuracy curves (Figure 4c) represent the

learning process of the model, showing the training (red) and
validation (blue) parts. There is no significant difference
between the training and validation sets, indicating that the
model did not suffer from overfitting and that the data were
well classified throughout the training iterations. The
confusion matrix shows the distribution of the model’s
predictions across the true labels, with each cell representing
the percentage of instances that were classified into a specific
category. The percentages along the principal diagonal reflect
the model’s accuracy in correctly classifying the data. The
accuracy was calculated by dividing the number of correctly
classified samples by the total number of samples in the
validation data set. The accuracy values and other metrics
presented were averaged over ten repeated runs across five
different data sets, providing a comprehensive view of the
model’s performance across various scenarios. Each data set
was utilized with randomly selected samples for training and
validation, demonstrating the robustness of the CNN model in
classifying the multichannel 2D spectrogram data set. The
CNN model achieved an average accuracy of 93.9% with a
standard deviation of 3.24% for the gas composition
classification and achieved a maximum accuracy of 97.22%
(Figure 4d and Table S1). The Grad-CAM method was
utilized to enhance the transparency of the CNN model’s
classification decision process and improve its interpretability.
The Grad-CAM visualizes the spectral and temporal regions
that are most influential in the classification decisions of the
2D multichannel spectrogram-based CNN model (Figure
S11). The results highlight specific spectral regions and
temporal features that significantly contribute to gas
composition identification, demonstrating that the model
effectively captures key spectral patterns relevant to classi-
fication. Furthermore, to evaluate the model’s generalization
ability and ensure that it does not overfit to any specific data
set, we additionally performed k-fold cross-validation, which
resulted in an average accuracy of 92.22%, demonstrating that
the model performs consistently well across different data
partitions (Figure S12).
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To demonstrate the superiority of the utilized CNN
algorithm, we applied the 2D multichannel spectrogram data
to PCA and SVM algorithms. The PCA and SVM achieved
classification accuracies of 81.95 and 87.78%, respectively, both
of which were lower than the CNN’s 93.9% accuracy (Table
S2). This performance gap arises because both PCA and SVM
struggle to capture nonlinear patterns and hierarchical
relationships within the data. In contrast, the convolutional
filters in the CNN model enable the efficient extraction of
hierarchical and nonlinear features, resulting in superior
classification accuracy compared to other deep learning
algorithms. In addition, we performed a batch-to-batch
dependence analysis with six distinct batch groups to assess
the impact of batch-to-batch variability on the classification
performance (Figure S13). Groups 1 and 3 consist of
genetically engineered bacteriophages with similar chemical
properties, whereas Groups 2 and 4 represent modified
versions of these groups with additional chemical character-
istics. Groups 5 and 6 consist of bacteriophages with distinct
chemical properties (Figure S13a). The heatmap of classi-
fication accuracy demonstrates that batches containing sensors
with similar chemical properties exhibit lower classification
accuracy than those with more chemically diverse properties
despite an equivalent number of sensors (Figure S13b). The
multiarray sensor, composed of genetically engineered
bacteriophages with diverse chemical properties, significantly
improves VOC differentiation and overall classification
performance. This emphasizes the successful configuration of
the bacteriophage batches, which were designed using
bacteriophage strains with high reactivity to target gases.
The necessity of the optimized data processing method was

demonstrated by training the CNN model with the raw data
set and nonoptimized data processing data set. Note that the
nonoptimized data process refers to a smaller window size of
moving averaging filter data process than the optimized data
process. The CNN model trained with the raw data set shows a
classification accuracy of 88.06% (Figure 4e−g and Table S1).
Furthermore, the CNN model trained with a nonoptimized
data processing data set shows a classification accuracy of
90.28%, which demonstrates our optimized data processing
method results in a higher classification accuracy by increasing
the SNR (Figure 4h−j and Table S1). Additionally, the
performance of the classifier was evaluated by plotting the
receiver operating characteristic (ROC) curve, which compares
the true positive rate and false positive rate. The ROC curve

shows that our model achieved high accuracy with an average
area under the curve (AUC) score of 0.967 (Figure S14),
indicating that the CNN model reliably distinguishes between
the six different gas compositions. The model’s performance, as
demonstrated through various evaluation metrics, highlights its
suitability for accurate and reliable gas component detection.

■ CONCLUSIONS
In this study, we demonstrated the successful classification of
gas components in pure and gas mixture at 2 ppm
concentration via a hierarchical analysis of the multichannel
spectrogram obtained by TRH imaging of a genetically
engineered M13 bacteriophage colorimetric sensor array. In
Table 1, this study is compared with recent ML-based gas
mixture identification research. While most previous studies
utilized relatively high gas concentrations for the gas mixtures
component identification, our study classified pure and mixed
gas components at only 2 ppm concentration. The advanced
performance of our system was made possible by (1)
application-specific data processing of the hyperspectral 3D
data cube into a filtered 2D multichannel spectrogram that
enhances the SNR, and (2) utilization of convolution filters in
the CNN architecture, which allows not only capturing spectral
and temporal changes within each sensor but also the
hierarchical analysis of the entire sensor array, including
reactivity and response time relation of the sensor array. As a
result, our CNN model successfully classified multiple VOC
gas components with 93.9% accuracy. Our approach shows
significant potential for practical applications, as it enables the
detection and analysis of acetone, ethanol, and xylene, which
are common yet harmful gases in the environment, with
potential implications for early detection of diseases like lung
cancer. The ability to accurately identify and classify these gas
mixtures highlights the practical significance of this method in
medical diagnostics and environmental monitoring.

■ MATERIALS AND METHODS
All experimental and simulation methods are described in the
Supporting Information.

■ ASSOCIATED CONTENT
*sı Supporting Information
The Supporting Information is available free of charge at
https://pubs.acs.org/doi/10.1021/acssensors.5c00015.

Table 1. Summary of Machine Learning-Based Gas Mixture Identification Research in the Last Three Yearsa

sensor type
number of test

gases target gases
concentration of

gases
analysis
method

classification
accuracy (%) refs

phages 3 acetone, ethanol, xylene 2 ppm CNN 93.9 this
work*

QCM + nanoporous MOF
films

3 p-, o-, m-xylene 10 ppm, 100 ppm kNN 96.5 13

SERS 4 acetophenone, anisole, anethole,
benzaldehyde

SVM 99.4 14

SMO + micro-LED 2 ethanol, methanol 0−100 ppm D-CNN 97.0 49
MDFG 4 NO2, NO, NH3, H2S 10 ppm SVM, 1D

CNN
100 50

MOS 2 NO2, CO 0−50 ppm CNN 100 51
YSZ-based mixed potential
sensor

3 isoprene, n-propanol, acetone 10−30 ppm KNN/SVM 99 52

aSMO semiconductor metal oxides; MDFG multiplexed DNA-functionalized graphene; QCM quartz crystal microbalance; MOF metal−organic
frameworks; MOS metal−oxide−semiconductor; SERS surface-enhanced Raman scattering; YSZ yttria-stabilized zirconia; D-CNN deep
convolutional neural network; SVM support vector machine; and KNN k-nearest neighbor algorithm.
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Detailed materials and methods description of the
functionalized M13 bacteriophages, DFT molecular
simulations, the experiment setup, and the deep learning
CNN model; CNN classification results; gas mixture
identification research summary; colorimetric sensor
response measurements; hyperspectral data processing
sequence; optimized geometries of amino acid-target
molecules; spectral changes and color distance analysis;
PCA for VOC classification; multichannel spectrograms;
and ROC curve comparison for CNN-based classifica-
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