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Multiplex Detection of Foodborne Pathogens using 3D
Nanostructure Swab and Deep Learning-Based
Classification of Raman Spectra

Hyunju Kang, Junhyeong Lee, Jeong Moon, Taegu Lee, Jueun Kim, Yeonwoo Jeong,
Eun-Kyung Lim, Juyeon Jung, Yongwon Jung, Seok Jae Lee, Kyoung G. Lee,*
Seunghwa Ryu,* and Taejoon Kang*

Proactive management of foodborne illness requires routine surveillance of
foodborne pathogens, which requires developing simple, rapid, and sensitive
detection methods. Here, a strategy is presented that enables the detection of
multiple foodborne bacteria using a 3D nanostructure swab and deep
learning-based Raman signal classification. The nanostructure swab efficiently
captures foodborne pathogens, and the portable Raman instrument directly
collects the Raman signals of captured bacteria. a deep learning algorithm has
been demonstrated, 1D convolutional neural network with binary labeling,
achieves superior performance in classifying individual bacterial species. This
methodology has been extended to mixed bacterial populations, maintaining
accuracy close to 100%. In addition, the gradient-weighted class activation
mapping method is used to provide an investigation of the Raman bands for
foodborne pathogens. For practical application, blind tests are conducted on
contaminated kitchen utensils and foods. The proposed technique is validated
by the successful detection of bacterial species from the contaminated
surfaces. The use of a 3D nanostructure swab, portable Raman device, and
deep learning-based classification provides a powerful tool for rapid
identification (≈5 min) of foodborne bacterial species. The detection strategy
shows significant potential for reliable food safety monitoring, making a
meaningful contribution to public health and the food industry.
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1. Introduction

Worldwide, food contamination annually
results in 600 million cases of food-
borne diseases and 420,000 deaths, ac-
cording to the World Health Organiza-
tion (WHO).[1] Bacteria are implicated
in over half of these cases, highlight-
ing their significant role in causing food-
borne illnesses.[2] Swift and precise iden-
tification of foodborne pathogens is essen-
tial for implementing effective remedia-
tion measures and preventing foodborne
illness outbreaks.[1–3] Foodborne bacteria
can spread through various means, such
as consuming contaminated water, under-
cooked or raw food, cross-contamination
during food preparation, direct person-
to-person contact, and contact with ani-
mals and insects.[2,3] The propagation con-
ditions can vary further, given the growth
and survival characteristics intrinsic to
different bacterial species.[4] Furthermore,
co-infection with multiple pathogens can
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cause more intricate and severe symptoms.[5] Therefore, the de-
tection of multiple foodborne pathogens can be a significant ad-
vancement in the areas of food safety and public health.[1,2]

The Korea Food and Drug Administration (KFDA) recom-
mends culture- and polymerase chain reaction (PCR)-based
methods as the preferred approach for detecting foodborne
pathogens.[6] Culture based techniques are widely recognized for
their high reliability.[7] However, they are labor-intensive, time-
consuming, and demand specific conditions for each pathogen
type, which can delay the availability of test results.[6,7] PCR ap-
proaches provide highly sensitive and specific detection capabili-
ties for foodborne pathogens.[6,7b,8] However, they require sophis-
ticated equipment and highly trained personnel.[8] Although tra-
ditional techniques have been instrumental in promoting food
safety and curbing foodborne illnesses, they tend to be retrospec-
tive in nature, targeting the identification of the causes of food-
borne illnesses after they have occurred rather than preventing
such incidents beforehand.[9]

Proactively managing foodborne illnesses is a crucial public
health priority.[1–3] A crucial strategy involves the regular and
rapid monitoring of foodborne bacteria.[2] This monitoring sys-
tem requires quick identification and detection of bacteria within
a few min. Currently, adenosine triphosphate (ATP) biolumines-
cence methods are commonly used to detect bacteria before food
preparation.[10] While ATP-based methods offer rapid detection
of general microbial contamination, they lack specificity, preci-
sion, and the ability to differentiate and quantify pathogens.[10a,11]

Immunological techniques, such as enzyme-linked immunosor-
bent assays (ELISA) and lateral flow assays (LFA), offer fast
results, but they may suffer from low sensitivity and cross-
reactivity.[10c,12] Despite recent advances in detecting foodborne
pathogens, there is still a considerable gap in applying these tech-
niques to real-world settings.[12b]

Raman spectroscopy is an analytical technique that is non-
destructive and provides detailed information about chemi-
cal structure, phase, polymorphy, crystallinity, and molecular
interactions.[13] Lately, Raman spectroscopy have been signifi-
cantly improved by integrating deep learning techniques, which
enhances their detection capability.[14] Deep learning, a subset
of artificial intelligence (AI), uses complex neural network algo-
rithms to analyze large data sets, allowing it to make autonomous
decisions and predictions by uncovering patterns and relation-
ships within the data without explicit programming.[15] In the
field of foodborne pathogen detection, deep learning algorithms
can be trained on Raman spectral data to identify patterns and sig-
natures associated with various pathogens.[14c,16] This integration
of deep learning with Raman spectroscopy presents a promising
opportunity for the development of rapid, sensitive, and precise
pathogen detection techniques.[14c,17]
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Herein, we report the multiplex detection of foodborne
pathogens through a three-pronged approach: utilizing a nan-
otopographical trap for effective bacterial capture, deploying
portable Raman spectroscopy for immediate, on-site analysis,
and harnessing deep learning algorithms to bolster the accu-
racy of bacterial detection. A 3D nanostructure swab enables
direct capture of various foodborne pathogens, including Es-
cherichia coli O157:H7, Bacillus cereus, Listeria monocytogenes,
Salmonella Enteritidis, Staphylococcus aureus, and Yersinia entero-
colitica. Upon capture, the bacteria-laden swabs can be analyzed
using a portable Raman device. By utilizing a binary labeling
convolutional neural network (CNN), we are able to identify six
different types of foodborne pathogens with precision. Notably,
the present method accurately distinguished various bacterial
species, even when applied for multiplex detection of pathogens.
Considering that previous studies have primarily focused on clas-
sifying single bacterial species, it is quite impressive. We also
tested the 3D nanostructure swabs to capture bacteria from con-
taminated utensils and foods, such as knives, tongs, tomato,
lemon, egg, and meat, and analyzed the acquired Raman signals.
This blind test successfully detected foodborne bacteria, affirm-
ing the utility of the current method. Given its speed within a few
min, accuracy, specificity, cost-effectiveness, and safety, this com-
prehensive approach has the potential to provide an advanced
analytical framework suitable for routine bacterial monitoring,
thereby enabling proactive management of foodborne illnesses.

2. Results

2.1. Strategy of Foodborne Pathogen Detection using 3D
Nanostructure Swab and Deep Learning Classification of Raman
Spectra

The overall approach to identifying multiple types of foodborne
bacteria by means of a 3D nanostructure swab and Raman signal
analysis driven by deep learning is illustrated in Figure 1. This
process involves the use of a 3D nanostructure swab, known for
its ability to capture bacteria, followed by Raman signal acquisi-
tion from the captured bacteria. We processed the Raman spectra
with a Savitzky-Golay (SG) filter for noise reduction and extracted
key spectral features for bacterial identification. Using 1D CNNs,
we then developed binary classification models for each bacte-
rial species, allowing the detection of multiple pathogens. This
approach, which combines the 3D nanostructure swab, Raman
spectroscopy, and deep learning, can effectively identify bacterial
species within 5 min, offering a promising solution for improv-
ing food safety monitoring.

2.2. Capture of Foodborne Pathogens using 3D Nanostructure
Swabs

The fabrication process for the 3D nanostructure swab involved
several meticulously executed steps (Figure 2a). First, Si wafers
were thermally processed to form SiO2 layers. The layers were
then patterned using a photoresist and a KrF scanner. The pat-
terned Si wafer was etched to generate Si nanoholes, which acted
as a template for the nanopillar array. A mixture of polyurethane
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Figure 1. Strategy for multiplex detection of foodborne bacteria employing 3D nanostructure swab and deep learning-driven Raman signal analysis. 3D
nanostructure swab has nanotopographic feature array, exhibiting high efficacy in trapping bacteria. Raman signals were collected from bacteria on 3D
nanostructure swab for 0.2 s. Spectral features were extracted and used for deep learning model training, allowing us to identify foodborne pathogens.

Figure 2. a) Schematic illustration of 3D nanostructure swab fabrication. b) SEM images of foodborne bacteria on 3D nanostructure swabs, showing the
heterogeneity in morphologies and dimensions of the captured bacteria. c) Raman spectra of E. coli O157:H7 (1: 8 ng/μL, 2: 80 ng/μL, 3: 800 ng/μL, 4:
8,000 ng/μL, and 5: 80,000 ng/μL) onto 3D nanostructure swabs. d) Band intensities of 1465 cm−1 from 500 Raman spectra of E. coli O157:H7 (80,000
ng/μL) onto 3D nanostructure swab. RSD value of 8.89% indicates high degree of uniformity in Raman signals. e) Band intensity of 1465 cm−1 as
logarithm of E. coli O157:H7 concentration. LOD was determined to be 38.16 ng μL−1 with R2 value of 0.95%.
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and NOA 63 was applied by spin-coating to the mold, and a thin
film of polyethylene terephthalate (PET) was placed on top, then
UV exposure followed. Next, a Ti/Au layer was evaporated onto
the nanopillars after the film was carefully detached. The nanopil-
lars were immersed in a chemical solution and incubated to form
polyaniline nanonetworks. The formation of nanonetworks were
confirmed by Fourier-transform infrared spectroscopy (FT-IR)
(Figure S1, Supporting Information). Finally, the nanostructured
film was attached to a 3D printed backbone. The process resulted
in the creation of a 3D nanostructure swab, designed for optimal
detection of bacteria.

In order to assess the bacterial capture capability of the devel-
oped 3D nanostructure swab, we conducted experiments utiliz-
ing six distinct species of bacteria (E. coli O157:H7, B. cereus, L.
monocytogenes, S. Enteritidis, S. aureus, and Y. enterocolitica). These
bacteria encompass a wide range of shapes, sizes, and charac-
teristics, rendering them well-suited for evaluating the versatil-
ity and capture performance of the swab. Each bacterial species
was introduced individually onto the surface of the 3D nanostruc-
ture swab. Scanning electron microscopy (SEM) images were ob-
tained to confirm the successful capture and retention of bacte-
rial cells on the swab surface (Figure 2b). The SEM images depict
a range of bacterial sizes, which vary from 1 to 4 μm in length,
and diverse shapes representative of the respective species. This
showcases the effectiveness of the 3D nanostructure swab in col-
lecting bacteria comprehensively and efficiently, even for bacte-
rial cells with varying morphologies and dimensions. The com-
parative study of bare nanopillars, Au-coated nanopillars, and
3D nanostructure swab also indicates that the 3D nanostructure
swab exhibited significantly higher efficiency in capturing bac-
terial pathogens (Figure S2, Supporting Information). The 3D
nanostructure swab can capture bacteria efficiently through the
interaction between the nanonetworks of the swab and the sur-
face structures of the bacteria (Figure S3, Supporting Informa-
tion).

The bacteria securely attached to the nanostructure swab sur-
face were then utilized to acquire Raman spectra. A laser with a
633 nm wavelength and 10 μm focal spot size was utilized to irra-
diate the bacterial cells (Figure S4, Supporting Information). To
ensure the reliability and consistency of the Raman signal acqui-
sition process, we conducted a series of tests using E. coli O157:
H7 colonies. Five samples with different concentrations ranging
from 8 ng/μL to 80,000 ng /μL were prepared through a system-
atic serial dilution process. A total of 500 Raman signals were
then collected from each sample to ensure a representative sam-
pling of the bacterial concentration. The data revealed a notice-
able uptick in the Raman signal intensity at 1465 cm−1 as the bac-
terial concentration increased. The evident correlation between
bacterial concentration and Raman signal intensity highlights the
potential of our method to not just detect, but also accurately
quantify, the presence of E. coli O157: H7 based on its distinctive
Raman spectral fingerprint (Figure 2c). Further, for the purpose
of evaluating the reproducibility and uniformity of Raman signal
acquisition from the pathogen-captured 3D nanostructure swab,
we determined the relative standard deviation (RSD) values of the
500 Raman signals at the characteristic shift of 1465 cm−1 for the
highest concentration sample (80,000 ng μL−1). The RSD value of
8.89% is significantly low, suggesting a high level of homogene-
ity in the attained Raman signals (Figure 2d). This consistency

emphasizes that the bacteria collected on the 3D nanostructure
swab offer dependable and consistent Raman signals, essential
for precise bacterial detection and identification.

We aimed to determine the limit of detection (LOD) of the 3D
nanostructure swab in combination with Raman spectroscopy.
For this purpose, we prepared a set of samples with varying con-
centrations of E. coli O157: H7, ranging from 0.1 to 100 μg μL−1.
From each sample, Raman signals were acquired and evaluated
at the characteristic Raman shift of 1465 cm−1. The data revealed
a strong correlation (R2 value of 0.95%) between the intensity of
Raman signals at 1465 cm−1 and the quantity of E. coli O157: H7
colonies (Figure 2e). Following regression analysis, we employed
the values for the slope and standard error of the y-intercept to
determine the LOD as follow Equation (1):

LOD = 3.3 ×
(
standard error of y − intercept

)
∕slope (1)

The constant 3.3 was used for statistical analysis, to ensure a
95% confidence level for the LOD value. Inserting the values ob-
tained from the experiments, we determined the LOD for bac-
terial detection with the 3D nanostructure swab in conjunction
with Raman spectroscopy to be ≈38.16 ng μL−1. These findings
demonstrate the effectiveness of the 3D nanostructure swab for
bacterial detection and quantification.

2.3. Raman Signal Collection and Classification of Foodborne
Pathogen

To collect Raman spectra from bacteria captured on a 3D nanos-
tructure swab, we used a portable and compact Raman spec-
troscopy system. This system is suitable for on-site and non-
laboratory settings. The process of collecting data began by secur-
ing the swab containing bacteria onto the Raman system. Next,
a laser was directed at the swab and the resulting Raman sig-
nals were collected by averaging two individual signals gener-
ated over a 0.2s period (Figure 3a). To obtain comprehensive and
representative coverage of the bacteria present on the swab, a
substantial number of Raman signals were collected. Precisely,
four signal collection sessions, each consisting of 500 individ-
ual Raman signals, were executed. Hence, a total of 2,000 Ra-
man signals were examined. The size of the dataset is similar
to previous literature.[35,36] Given that raw Raman spectra often
contain noise and other artifacts that can affect signal quality,
various preprocessing techniques have been implemented to im-
prove signal quality (Figure S5, Supporting Information). These
techniques include applying an SG filter to smooth out the data
while preserving spectral features, normalizing the intensity of
the Raman signals, and subtracting background to remove flu-
orescence or other non-Raman signals. The processed Raman
signals were then averaged for each bacterial species. We uti-
lized a deep learning-based binary classification framework with
multiple 1D CNNs to analyze the bacterial samples. The prefer-
ence for multiple binary classification models over a single multi-
class model in this study is due to their superior handling of data
imbalances, more focused analysis in cases of complex spectral
data, and greater flexibility in incorporating new bacterial types
through transfer learning.

For each pathogen, different 1D CNN-based binary classifica-
tion models were built to determine whether the corresponding
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Figure 3. a) Schematic illustration of Raman signal collection from foodborne bacteria captured on 3D nanostructure swab. b) Algorithm of deep
learning-based binary classification of Raman spectra using multiple 1D CNNs for foodborne bacterial species. Each 1D CNN was trained to recognize
and discern the distinct patterns and spectral features associated with specific bacterial species. c) Confusion matrix for 1D CNN model to classify
foodborne bacteria (Row: True class and Column: Predictive class). Deep learning model demonstrated 100% accuracy, precision, and specificity in
classifying foodborne bacterial species, as well as control bare swab. d) Grad-CAM results of Raman spectra obtained from foodborne pathogens on 3D
nanostructure swab. The darker the red shade, the more important the feature is for identifying the corresponding bacterial species.

bacterial species was present or absent. To achieve this, we used
different labeling strategies to train each deep learning model.
In the case of models designed to identify the presence or ab-
sence of specific bacterial species, a positive label was assigned
to Raman signals from samples containing that specific bac-
terium. Conversely, a negative label was applied to all other train-

ing data. This allowed the development of six different classi-
fiers, each of which operated independently during the train-
ing and testing process, with no connections between the mod-
els (Figure 3b). Our experiments analyzed seven sample types,
which included the bare 3D nanostructure swab and six indi-
vidual bacterial species. Using the binary labeling method for
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classification, we obtained remarkable results. The deep learn-
ing model exhibited 100% accuracy, precision, and specificity in
classifying all six individual bacterial species, alongside the con-
trol bare swab samples (Figure 3c; Figure S6, Supporting In-
formation). The corresponding loss curves are shown in Figure
S7 (Supporting Information). Additionally, the batch-to-batch
and sample-to-sample reproducibility was verified (Figure S8,
Supporting Information). Interference from biomolecules and
washing was also investigated, confirming the robustness of the
method (Figures S9 and S10, Supporting Information). This un-
derscores the competence of the 3D nanostructure swab com-
bined with the deep learning-based binary classification of Ra-
man spectra in swiftly and precisely detecting various bacterial
species.

An advantage of using CNNs to classify bacterial Raman sig-
nals is the possibility of implementing gradient-weighted class
activation mapping (Grad-CAM).[18] This technique allows for vi-
sualization of the specific regions of the input spectrum that sub-
stantially contribute to the predictions.[18] When applying Grad-
CAM to 1D spectral data, viewed as a sequence of features along
one axis, one can discern the specific Raman shift regions that
significantly impact the models’ predictions.[18–19] However, tra-
ditional Grad-CAM approach for 1D spectral data poses a limi-
tation because it eliminates negative gradient values by utilizing
the Rectified linear unit (ReLU) activation function when calcu-
lating the activation map.[19] Recent studies indicate that the ac-
tivation maps derived from negative gradients also offer valuable
information for the analyses.[19a] Therefore, our methodology cal-
culates both positive and negative gradient-based activation maps
for each spectrum data, and then selects the map which presents
a higher correlation with the given spectrum data. Utilizing this
strategy, we applied the modified Grad-CAM technique to each
spectrum in our test set and then averaged the results to pro-
duce a representative activation map for each class (Figure 3d).
This dual examination of both negative and positive activation
maps revealed crucial regions in bacteria-specific Raman sig-
nals that were previously unnoticed (Figure S11a,b, Supporting
Information).

In addition, we evaluated the effectiveness of the proposed
class activation method through the more detailed observations.
As shown in Figure S11c (Supporting Information), our ap-
proach revealed specific regions in the Raman signals associ-
ated with E. coli O157:H7. Such details may have remained ob-
scured if we had only considered positive gradient values. We
contrasted these findings with bacterial Raman shift regions
previously documented in other studies. This revealed consid-
erable overlap, confirming the reliability of our Grad-CAM re-
sults with established bacterial Raman signal benchmarks. A de-
tailed comparison is shown in Table S1 (Supporting Informa-
tion). Furthermore, we were able to infer a pattern that separates
Gram-positive and Gram-negative bacteria among the six bacte-
rial species used in this study (Figure S12, Supporting Informa-
tion). Specifically, when analyzing the activation maps for Gram-
negative bacteria, we observed distinct peaks below 500 cm−1 and
close to 1200 cm−1. In contrast, for Gram-positive bacteria, dis-
tinct class activations appeared ≈1150cm−1. These differences in
activation maps highlight the ability of Raman spectroscopy to
distinguish bacterial strain types based on their unique spectral
responses.

2.4. Classification of Multiple Foodborne Pathogen

Upon confirming the reliable classification of individual bacte-
rial species utilizing a 1D CNN coupled with binary labeling,
we further investigated the potential of this method to cate-
gorize samples containing multiple bacterial species. For this
purpose, E. coli O157: H7 was paired with each of the other
five bacterial species, and Raman signals from these mixtures
were collected using the 3D nanostructure swab. Interestingly,
each of these bacterial pairings produced a distinct Raman sig-
nal, one that did not align with the signals associated with ei-
ther E. coli O157: H7 or the coupled bacterial species (Figure
S13a, Supporting Information). This observation also extended
to mixtures containing more than two types of bacterial species
(Figure S13b, Supporting Information). To further investigate the
relationship between mixed samples and their individual con-
stituent species in the Raman spectra, we utilized principal com-
ponent analysis (PCA), a well-established statistical tool for data
exploration and dimensionality reduction (Figure S14, Support-
ing Information).[20] The results of the PCA output show that
each bacterial species formed distinct and separate clusters, as
expected. Contrary to expectations, the behavior of mixed bac-
terial samples was quite complex. Although in some cases, the
data points of mixed bacterial samples were near the princi-
pal component region corresponding to the individual bacteria
within them, they were mostly scattered across unrelated ar-
eas of the PCA plot. In other words, the mixed bacterial pop-
ulations yielded unique spectral characteristics when subjected
to Raman spectroscopy on the bacteria-captured 3D nanostruc-
ture swab. These characteristics were not a mere linear combi-
nation of the spectra from individual constituent species. Previ-
ous studies have reported the distinct Raman spectroscopic re-
sponse in mixed bacterial samples.[21] The spectral modifications
observed in mixed bacterial samples can be attributed to a com-
bination of factors, including variations in bacterial membrane
charge and biochemical interactions between the different sur-
face compositions of bacterial species.[21a,22] Such surface com-
positions comprise constituents such as phospholipids, peptido-
glycan, and polysaccharides.[21a,23]These elements come together
to influence the Raman spectra by creating distinctive vibrational
energy bands.[21a,b] Consequently, it is feasible to obtain a com-
posite spectral signature that reflects the biochemical interac-
tions taking place among the array of bacterial species in the
sample.[22a]

Mixtures of two or more bacterial species were shown to elicit
unique features in the Raman signals. This observation under-
scores the complexity of diagnosing mixed bacterial infections
and highlights the need for refined analytical methods to accu-
rately identify multiple bacterial species present in a single sam-
ple. Therefore, we decided to include mixed bacterial samples
in our training dataset to improve the predictive performance of
the CNN-based classifiers. Including mixed samples in the train-
ing set is an important step in overcoming a major shortcoming
of the classification model, which is the inability to extrapolate
beyond single bacterial species.[24] Without this adjustment, the
model’s accuracy dropped precipitously when faced with mixed
bacterial samples, as shown in Figure S15 (Supporting Informa-
tion). By including mixed samples in the training set, we were
able to train the model to identify bacterial samples composed
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Figure 4. a) Confusion matrix for 1D CNN model to classify multiple foodborne bacteria (Row: True class and Column: Predictive class). Deep learning
model demonstrated nearly perfect accuracy, precision, and specificity in classifying multiple foodborne bacterial species. b–g) Grad-CAM results of
Raman spectra obtained from multiple foodborne pathogens on 3D nanostructure swab. The darker the blue or red shade, the more important the
feature is for identifying the corresponding bacterial species.

of multiple species, thereby increasing its applicability and ef-
fectiveness. Specifically, we attempted to identify mixed bacterial
species using a 1D CNN, taking advantage of binary classification
across multiple networks. A notable advantage of this approach
was that it simplified the labeling of mixed samples, eliminat-
ing the need to add discrete categories for each unique bacterial
combination. We performed classification on five binary bacte-
rial mixtures, each containing E. coli O157:H7 and one of the
other five bacterial species. In addition, four mixtures contain-
ing multiple bacterial species were examined for classification.
The mixed sample data were separated into training and test sets
according to a 9:1 ratio for each category. We then retrained a total
of six different classification networks, incorporating the mixed
samples into the training data originally composed of single-
species samples. The success of our approach was evidenced by
the near perfect classification accuracy when applied to the test
data containing mixed samples (Figure 4a). This demonstrated
the robustness and adaptability of our deep learning-based clas-
sification method even on mixed bacterial samples. To gain more
insight into the classification process, we also generated activa-
tion maps for the mixed samples using the Grad-CAM technique,
which take into account the aforementioned negative gradient
values. This method allowed us to more visually discern which
regions of the Raman spectra were most influential in the clas-

sification process. Notably, the Grad-CAM activation for the Ra-
man shift of E. coli O157:H7, a bacterium common to the five
double-mixed bacterial samples, showed nearly identical activa-
tion maps across these samples (Figure 4b). However, the class
activation maps for the other bacterial species showed a different
pattern, indicating that the key Raman shift region responsible
for identification was activated at different points depending on
the characteristics of each bacterium (Figure 4c). Furthermore,
in samples containing three, four, five, and six mixed bacterial
species, the Raman shift points for each bacterium were con-
sistently activated in Grad-CAM (Figure 4d–g). Interestingly, the
comparison of Raman signals between single bacterial samples
and mixed population bacterial samples reveals a significant in-
sight: the presence of different features in Grad-CAM activation
even within the same bacterial species. This finding is supported
by the phenomenon that mixed population bacterial samples ex-
hibit distinct Raman signals that differ from those observed in
isolated single samples.[21] The consistency reinforces the con-
clusion that Grad-CAM activation, taking into account negative
gradient values, is a valuable tool for effectively distinguish-
ing different bacterial species even in mixed samples.[19]The re-
sults provide an interpretative framework for the present deep
learning model, making it a more tractable tool for bacterial
identification.
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Figure 5. a) Photographs of 3D nanostructure swab for capturing foodborne bacteria from the contaminated knife, tongs, tomato, eggshell, lemon, and
meat. b-d) Detection results of foodborne bacteria from the contaminated b) knife, c) tongs, and d) foods using the 3D nanostructure swabs and deep
learning-based classification of Raman spectra.

2.5. On-Site Detection of Foodborne Pathogen

To evaluate the real-world applicability of the methodology, blind
tests were conducted using potentially contaminated kitchen
tools and foods such as knives, tongs, tomato, eggshell, and meat.
In this blind test, we indiscriminately introduced contamination
to each surface using a number of different bacterial combina-
tions. Foodborne bacteria were then collected using 3D nanos-
tructure swabs and Raman signals were obtained (Figure 5a).
Specifically, 100 Raman spectra were collected from each of the
samples containing different combinations of bacteria. These col-
lected spectra were then subjected to the data processing tech-
niques and fed into the CNNs, which had been previously trained
on a database of Raman signals from both single bacterial species
and multiple combinations (Figure S16a, Supporting Informa-
tion). Each classifier returned predictions for the samples, and
we determined the presence of a particular bacterial species when
the prediction exceeded the half threshold for that species (Figure
S16b, Supporting Information). This provides a consistent and
objective measure of the presence of each bacterial species.

The results of the blind test showed that the majority of
samples correctly classified the contaminated foodborne bacte-
ria based on their associated Raman signals (Figure 5b–d). Im-
portantly, we observed consistent identification results with dif-
ferent combinations of bacteria. These results provide evidence
that coupling Raman spectroscopy with our 1D CNN-based ap-
proach is effective in distinguishing the unique spectral patterns
associated with different biomolecules and chemical compounds
present in the bacterial samples. In addition, to graphically illus-
trate the correlations and divergences between the data sets in
a 2D space, PCA was implemented for the knife (Figure S17a,
Supporting Information) and tong (Figure S17b, Supporting In-
formation) samples. The PCA results show a noticeable dispar-

ity between the original dataset and the currently collected data.
However, the 1D CNN was still able to achieve a certain level of
classification for the blind samples. This can be attributed to the
use of kernels in feature extraction, which allows to effectively
exploit the local relevance between peaks and their neighboring
data points. The results of the blind test not only demonstrated
the ability of the method to accurately identify bacterial species
present on contaminated surfaces, but also emphasized the high
performance of 1D CNN models in distinguishing between dif-
ferent bacterial species and efficiently dealing with mixed popu-
lations. Moreover, the developed bacterial detection method has
an advantage in that 100 spots can be acquired and processed
in as little as 5 min. Given the immediate need to develop rapid
and cost-effective foodborne bacteria detection methods, it is an-
ticipated that the application of 3D nanostructure swab sam-
pling, in conjunction with portable Raman spectroscopy and
deep learning-based classification, has significant potential for
on-site bacterial identification in a variety of settings. Further-
more, this approach could poise to promote proactive food safety
management based on rapid detection. The shift from reactive to
proactive measures has the potential to significantly reduce the
health and economic impact of foodborne pathogens.[25]The de-
veloped method can play a critical role in improving food safety
management protocols and furthering public health protection
initiatives.[26] In addition, the inherent versatility of the proposed
method shows potential for broad adoption in various industries
and settings where rapid and accurate bacterial identification is
critical to ensure safety and prevent infections.[25–26]

3. Discussion

In this study, we developed a comprehensive system for the
identification of multiple bacterial species based on three main
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pillars: i) a 3D nanostructure swab that effectively collects bac-
terial samples, ii) a portable Raman device that provides robust
spectral data, and iii) an advanced analysis methodology using a
binary CNN algorithm. Unlike previous methods, which gener-
ally focus on the classification of individual bacterial species, the
present study successfully identified not only individual bacte-
rial species, but also different species simultaneously, even those
with different sizes and morphologies. This feat was achieved
by utilizing 1D multi-train CNN with binary classification label-
ing of bacterial Raman signals. This advancement has the poten-
tial to broaden the applicability of Raman spectroscopy in bacte-
rial identification, providing a more comprehensive and versatile
method for microbial analysis.

One of the key factors contributing to the effectiveness of the
proposed system is the use of a 3D nanostructure swab for sam-
ple collection. Our previous research efforts have consistently
shown that the 3D nanostructure swab dramatically increases
the efficiency of bacterial capture, regardless of the type of bac-
terial species involved.[27] The 3D nanostructure swab facilitates
the capture of bacterial cells at densities ranging from 1 to 135
cells per 500 μm2 after exposure to bacterial concentrations rang-
ing from 10 to 107 colony-forming unit (CFU).[27] This improved
efficiency in bacterial capture enables the collection of Raman
signals, which are critical for reliable identification within hetero-
geneous bacterial populations. The underlying mechanism that
enables efficient capture involves the nanotopographic features
of the 3D nanostructure swab.[27]The hierarchical topographies
of the swab, coupled with its positive charge characteristics, form
a nanoscale trap capable of effectively capturing pathogenic bac-
teria through simple contact and rubbing actions on contami-
nated surfaces.[27] This high efficiency and versatility in bacte-
rial capture paves the way for significant advances in bacterial
diagnostics.[27] It is important to note that existing techniques
for detecting foodborne bacteria often involve complex isolation
and enrichment procedures, which hinder rapid detection and
on-site application for pathogen identification.[12b,c,28] Neverthe-
less, the importance of efficient bacterial capture has been un-
derestimated. In this regard, the simple bacterial capture process
facilitated by the 3D nanostructure swab has the potential to re-
duce overall assay time and enable practical field applications.

The combination of a 3D nanostructure swab and a portable
Raman system offers the potential for on-site bacterial detection.
This has implications in a variety of settings, such as food pro-
cessing facilities, restaurants, and healthcare facilities. The sim-
plicity and efficiency of the proposed approach makes it feasi-
ble for routine monitoring of bacterial contamination, contribut-
ing to improved food safety standards and public health.[28,29]

The cost of detection methods is a significant factor in many
settings.[29] Economically efficient methods are therefore es-
sential for widespread implementation, especially in resource-
limited regions.[28,29] Unfortunately, many current standard de-
tection methods for foodborne pathogens do not meet this crite-
rion and are often cost prohibitive for routine use.[30] Traditional
bacterial detection techniques such as PCR and ATP biolumines-
cence require equipment such as a thermal cycler (≈$20 000)
and a luminescence reader (≈$3000).[31] The reagents used in
these methods are also quite expensive.[32] For example, a PCR
kit costs ≈$20-30 per reaction, and an ATP bioluminescence kit
costs ≈$20 per reaction.[31,32] Although immunological assay kits

cost ≈$10 per reaction without instrumentation, they are limited
to multiplex detection.[31] In contrast, the proposed method uses
a 3D nanostructure swab for bacterial capture and portable Ra-
man spectroscopy for signal analysis, providing a cost-effective al-
ternative. The 3D nanostructure swab is inexpensive to produce,
with materials typically costing ≈$1 per swab. This provides a
cost-effective sample collection tool without the need for expen-
sive reaction reagents. Recently, portable Raman spectroscopy
instruments have become increasingly accessible and competi-
tively priced, typically costing ≈$8,000. This affordability makes
them a cost-effective choice for on-site and real-time bacterial
detection. Assuming prices for 1000 tests of each method, PCR
costs ≈$45 per test, ATP costs ≈$23 per test, LFA costs ≈$10 per
test, and the current method costs ≈$9 per test.[33] By minimizing
significant operating costs and requiring minimal infrastructure,
the combination of 3D nanostructure swabs and portable Raman
systems can provide an economically feasible solution for bacte-
rial detection.

The integration of Raman spectroscopy and deep learning has
opened new avenues for reliable microbial detection.[14c,34] Ho
et al. pioneered the integration of Raman spectroscopy and deep
learning for rapid identification of pathogenic bacteria.[35]Since
then, the methods have been progressively refined and op-
timized. For example, Rho et al. developed a separation-
free method for bacterial identification using SERS and deep
learning.[36] Ding et al. employed SERS combined with multi-
scale CNN to detect and distinguish prevalent three Salmonella
serovars with recognition accuracies surpassing 97%, promis-
ing broader pathogen identification.[16b] Ciloglu et al. introduced
a study utilizing a handheld Raman device for swift identifica-
tion of bacterial monocultures, achieving precise results, yet sug-
gesting enhancements for co-culture classification despite the
method’s simplicity and affordability.[17a] Gukowsky et al. de-
veloped a SERS-based method utilizing portable Raman spec-
troscopy to assess antibiotic susceptibility of foodborne bacte-
rial samples, successfully identifying characteristic antibiotic re-
sponse patterns across different bacterial species, with poten-
tial applicability in low-resource settings for antibiotic resistance
monitoring.[17b] Gonzalez et al. designed a deep neural network
(DNN) leveraging SERS for swift discrimination of methicillin-
resistant and methicillin-sensitive S. aureus, surpassing tradi-
tional classifiers in accuracy and showcasing potential for identi-
fying antibiotic-resistant bacteria.[16c] Al-Shaebi et al. presented
a modified U-Net architecture tailored for pixel-level accurate
classification of 1D Raman spectra, achieving high accuracies
over 95% in identifying bacterial isolates, empiric treatment
groups, and antimicrobial resistance levels, highlighting its di-
verse potential in biomedical diagnostics.[17c]While many stud-
ies have shown remarkable progress and performance in us-
ing deep learning and Raman spectroscopy for bacterial detec-
tion, they have primarily focused on classifying single bacterial
species.[36,37] This limitation restricts their usefulness in real-
world scenarios where multiplexed detection is required. Re-
cently, Sasif et al. demonstrated an approach that integrates
acoustic bioprinting and AI-assisted Raman spectroscopy for
high-throughput identification of bacteria in blood.[21b] Their
method used SERS and machine learning to discriminate be-
tween two bacterial species in digitized droplets. However, clas-
sification accuracy and performance declined when dealing with
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mixed bacterial samples.[21b] This suggests that machine learning
algorithms, which perform well for single bacterial species, strug-
gle when faced with classifying mixed bacterial populations.[38]

In this study, we used 1D CNNs with a binary labeling classifi-
cation strategy for multiplex detection of foodborne pathogens.
This involved training different CNN models for each possible
bacterial combination, thereby improving the accuracy of bacte-
rial identification. In addition, the implementation of binary la-
beling simplified the classification task and promoted efficiency.
The Grad-CAM method, which includes negative gradient values,
also allowed us to infer the Raman shift regions, which play an
important role in classifying bacteria in our 1D CNN. The deep
learning strategy facilitates the efficient and accurate identifica-
tion of not only single bacterial species, but also mixed popula-
tions consisting of multiple bacterial species. This advancement
may have significant implications for real-world applications that
require multiplexed detection of bacterial contaminants.

While the current study has shown promising results, there
are still areas that require further exploration and development.
One important aspect is to expand the repertoire of bacterial
species that our method can identify. We have focused on a spe-
cific set of bacterial species, but there is a need to include a
broader range of foodborne and environmental bacteria. By in-
cluding a wider variety of bacterial species, the applicability and
versatility of the approach could be improved. In addition, the
development of more advanced deep learning models and algo-
rithms is critical to improving the accuracy and sensitivity of bac-
terial detection. Although the multi-train 1D CNNs with binary
label classification have shown good performance, there is still
room for improvement in terms of reproducibility. The practi-
cal implementation of our approach would require validation and
optimization for different sample substrates and complex micro-
bial populations. It is important to test the method on different
sample types and to consider the challenges that may arise from
complex microbial populations, such as those found in environ-
mental samples. By addressing these challenges and optimizing
the methodology, we can ensure the robustness and reliability of
the present approach across different sample substrates and mi-
crobial compositions.

4. Conclusion

In conclusion, we present a robust bacterial detection approach
that integrates Raman spectroscopy, 3D nanostructure swab, and
multi-train 1D CNN with binary classification. The nanostruc-
ture swab shows high efficiency in the capture of foodborne
pathogens. By using a portable Raman instrument, the Raman
signals of the captured bacteria can be directly acquired. A 1D
CNN algorithm excels in accurately classifying different bacterial
species. In addition, the Grad-CAM analysis established bench-
marks for bacterial Raman signals. Overall, this method provides
a streamlined and effective method for bacterial contamination
detection. Of note is its ability to detect not only single species,
but also mixed bacterial populations containing up to six different
species within a few min. It has also been shown to identify bac-
teria from contaminated kitchen utensils and foods. In contrast
to existing bacterial detection methods, the present approach is
characterized by improved cost-effectiveness and facilitation of
on-site bacterial detection. We anticipate that this method has

the potential to proactively change current bacterial identification
practices, thereby improving food safety and public health.

5. Experimental Section
Foodborne Bacteria Culture: The bacterial strains used in this study in-

cluded E. coli O157:H7 (ATCC 43894), B. cereus (ATCC 21768), L. monocyto-
genes (ATCC 19111), S. Enteritidis (ATCC 13076), S. aureus (ATCC 29213),
and Y. enterocolitica (ATCC 23715). Each of these bacterial species was cul-
tured on their respective selective media at 37 °C for a period spanning 18
to 24 h.

Fabrication of 3D Nanostructure Swab: Si wafers were introduced into
a furnace (Furnace E1200, Centrotherm, Germany) to facilitate the for-
mation of SiO2 layers. Following this, the wafer is coated with a layer of
photoresist that had a thickness of 0.7 μm. This set the stage for the pat-
terning of 500 nm dots, which was accomplished via the application of a
KrF scanner (S203–B, Nikon, Japan). Etching was then performed on the
Si wafer, leveraging the technology of inductively coupled plasma (ICP,
TCP9400SE, Lam Research, USA) to create Si nanoholes. The resultant Si
wafer served as a mold, enabling the fabrication of the nanopillar array. In
detail, polyurethane (PU) (MINS-311RM, Minuta Tech., Korea) and NOA
63 (Norland Optical Adhesives, USA) were mixed, which was then spin-
coated onto the Si mold. Then, a thin PET film with a thickness of 50 μm
(Mitsubishi, Japan) was placed and rolled onto the PU and NOA 63-coated
Si mold. This was followed by exposure to UV light (EVG6200, EVG, Aus-
tria) for a duration of 60 s. Subsequently, the PET film embedded with PU
and NOA 63 was carefully peeled away from the master mold. To further
develop complex nanostructures, a layer of Ti (20 nm)/Au (200 nm) was
deposited on the surface of the PU and NOA 63 nanopillars, utilizing a
metal evaporation technique. Following this, the Ti/Au-coated nanopillar
array was immersed in a mixture solution of 1 M HClO4 (70%, Sigma–
Aldrich, USA), 0.1 M aniline (99.5%, Sigma–Aldrich), 6 mm ammonium
persulfate (98%, Sigma–Aldrich), and deionized (DI) water. The sample
was then incubated at 4 °C for 8 h, resulting in the formation of nanonet-
works on the pillar surfaces. After the incubation, a gentle rinsing of the
sample was performed using DI water and 70% ethanol to clean it. The
backbone of the 3D nanostructure swab was designed with a CAD pro-
gram, facilitating the preparation of geometric coordinates. This backbone
was fabricated via 3D printing (KINGS 3035 Pro, China), using an ABS-like
material (JS-UV-2016-B, Kings, China). Once the backbone was ready, the
previously prepared nanostructured film was attached. This resulted in the
final formation of the 3D nanostructure swab.

Fourier-Transform Infrared Spectroscopy (FT-IR): FT-IR spectra were col-
lected using the JASCO FTIR-4600 with the attenuated total reflectance
technique.

Scanning Electron Microscopy (SEM): SEM was employed to exam-
ine the morphology and dimensions of the bacteria captured on the 3D
nanostructure swab. The imaging was carried out using a Hitachi S-3200-
N (Japan) SEM instrument. To prepare the samples for SEM imaging, a
thin layer of Au was sputtered onto the bacterial sample on the 3D nanos-
tructure swab. The sputter-coating process was performed using a plasma
sputter coater (MNT-JS1600, USA), operating at a sputtering current of 10
mA for 5 min. This Au coating served to enhance the electron conductivity
of the sample, allowing for clearer and sharper SEM imaging.

Raman Signal Collection: Cultured foodborne bacteria were sus-
pended in sterile water. The bacterial biomass was meticulously weighed
to achieve a concentration of 0.8 mg of biomass per 10 μL of sterile wa-
ter. This protocol was crucial in ensuring a consistent and uniform bacte-
rial concentration across all samples, thereby bolstering the repeatability
and reliability of the experiment. Subsequently, 5 μL of this bacterial sus-
pension was dispensed onto the 3D nanostructure swab. The same pro-
cedure was adopted for the preparation of mixed bacterial populations.
Raman spectral data were gathered utilizing a portable Raman system
(NS220, Nanoscope Systems, Inc., Korea) in its mapping mode. This oper-
ation mode entails maneuvering a laser beam across the sample, thereby
capturing Raman spectra from diverse points. Experimental parameters
included an exposure duration of 0.2 s, a laser power setting of 8 mW,
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and a laser wavelength of 633 nm. The laser spot was precisely directed
toward the sample using a 20× objective lens with a numerical aperture
of 0.45. This focus yielded a laser spot size with a diameter of 10 μm.
With a set spacing of 10 μm between spots, this study was able to en-
sured that bacteria at a concentration of 0.08 mg μL−1, collected on the
3D nanostructure swab, were effectively assessed at every spot. For every
bacterial strain investigated, 500 individual Raman spectra were optained
at four distinct regions, thereby amassing a total of 2000 Raman spectra
per strain. Subsequent to data acquisition, background signal interference
in the Raman spectra was removed using the NSRamanID software. The
processed spectral data was then ready for incorporation into the deep-
learning training phase of this study.

Data Analysis and Classification of Foodborne Pathogen: To improve the
precision and effectiveness of the training process for the deep learning-
based classification model, the Raman spectral data underwent a series
of systematic preprocessing steps. The first step involved the exclusion
of data outside the Raman shift range of 478–1671.5 cm−1. This decision
was made with the rationale that the selected spectral range encompasses
vital information for the analysis of bacterial samples. Following the selec-
tion of the relevant spectral range, the SG filter was employed to refine
the spectra. The filter was applied with a second-order polynomial and a
window length of 51 frames. This selection was made to effectively mit-
igate minor noise and fluctuations within the spectra, while judiciously
preserving the essential features and characteristics that are instrumental
for classification. Lastly, L2 vector normalization was employed on each
individual spectrum, thereby converting them into unit vectors. This step
is of importance as it allows the classification model to discern classes
based on the relative intensities and positions of the peaks in the Raman
spectra. By focusing on these relative features, the model becomes more
resilient against the variations in absolute intensity values, which could be
susceptible to external factors and variations in experimental conditions.

PCA employs the singular value decomposition (SVD). X represents an
N x 683 matrix comprised of N truncated, filtered, and normalized spectra.
X̃ is a data matrix whose row vector X̃i is obtained by subtracting the aver-
age vector 𝜇 from the data row Xi, as described in Equation (2). The vector
𝜇 is composed of the average values of each column vector in X. SVD is a
method used for real matrix factorization as shown in Equation (3).

X̃i = Xi − 𝜇 (2)

X̃ = UΣVT (3)

Within the matrix ΣTΣ, the eigenvalues could be found that ascertain
the variance explained by each principal component. On the other hand,
the VT matrix houses the principal components, arranged in order of de-
scending variance explanation. For this study, two principal components
were utilized to enable visualization in a bi-dimensional space.

The design of the 1D CNN architecture was underpinned by a series of
three convolution layers. These layers were fortified by batch normalization
and the application of a ReLU activation function to each layer. In the con-
struction of these convolution layers, ten filters of size 1 × 11 were utilized
in each. Following the convolution layers, the network architecture incor-
porated three fully connected layers, each comprised of 100 nodes. Similar
to the convolution layers, these fully connected layers were also comple-
mented with batch normalization and the ReLU activation function. In the
training phase of this model, use of the Adam optimizer was made with
the aim of minimizing the cross-entropy loss. The training was carried out
in batches, with a batch size of 500. The overall training process was per-
formed for a cumulative total of 50 epochs to ensure adequate learning
while preventing overfitting. The learning rate was initially set at 1 × 10−3.
To refine the learning rate and adapt it during the course of training, it
underwent a tenfold reduction every ten epochs.

Grad-CAM enabled the visualization of specific input features in Raman
spectra significantly influence the predictions. The impact of each feature
map obtained after passing through the last convolutional layer on the

output prediction values from the softmax layer was calculated by partial
differentiation, as shown in the following Equation (4):

𝛼c
k = 1

Z

∑
i

𝜕yc

𝜕Ak
i

(4)

where 𝛼c
k

is the weight assigned to the kth feature map when generating the
saliency map for predicting class c. Z is the number of elements in each
feature map, and Ak

i is the ith element in the kth feature map. The prediction
result of class c, denoted as yc, is derived from the softmax layer. Based
on the weight, a class-specific activation map, denoted as Lc, is computed
according to the formulation presented in Equation (5). This computation
involves considering only the positive values resulting from the weighted
combination of the feature map.

Lc = ReLU(
∑

k

𝛼c
kAk) (5)

In the context of binary classification, the sum of the two yc values for
the positive and negative classes is 1. Therefore, 𝛼pos

k
and 𝛼

neg
k

have the
same magnitude but opposite signs. As a result, Lpos and Lneg can be com-
puted as follows:

Lpos = ReLU(
∑

k

𝛼
pos
k

Ak) (6)

Lneg = ReLU(
∑

k

𝛼
neg
k

Ak) = ReLU(−
∑

k

𝛼
pos
k

Ak) (7)

A more reliable activation map between Lpos and Lneg were selected by
assessing the influence of significant features in both maps. To ensure that
the activation maps contain valid and informative data even when visually
inspected, this study selected the one that exhibited higher class activation
values near the peaks between the two activation maps. Specifically, the
activation map (Lc) having a higher Pearson correlation (𝜌) was selected,
calculated following Equation (8) with the corresponding processed Ra-
man spectrum (x). The vector size, denoted as n, was 683, and the mean
and standard deviation for the vector were represented as 𝜇(·) and 𝜎(·)
respectively.

𝜌 = 1
n − 1

n∑
i = 1

(
Lc

i − 𝜇 (Lc)

𝜎 (Lc)

)
(

xi − 𝜇 (x)

𝜎 (x)
) (8)

For each sample category, activation maps were generated for 200 test
data samples, and their averages were computed. Activation maps were
only generated for target classes that were positive with respect to each
specific 1D CNN classification model.

On-site Detection of Foodborne Pathogen: To simulate the on-site de-
tection of foodborne pathogens, an experimental procedure was devised
that involved the contamination of typical kitchen utensils and foods that
obtained from a local market in Korea. Initially, 5 μL of a bacterial suspen-
sion was introduced onto the surface of each sample. This suspension was
prepared to contain 0.8 mg of bacteria in 10 μL of sterile water. In order
to capture the bacteria from the surface of these samples, a gentle wip-
ing process was performed using a 3D nanostructure swab. Following the
bacterial collection, a total of 100 Raman signals were obtained for each
sample. Subsequently, the Raman spectra were fed into the pre-trained
1D CNNs with binary labeling. Each classifier within the 1D CNN mod-
els generated predictions for the samples based on the individual Raman
spectra.

PCR: Primers for PCR were designed based on the genomic DNA in-
formation of the bacteria (Figure S18, Supporting Information). DNA ex-
traction was performed using the ExiPrep Dx Bacteria Genomic DNA Kit
from Bioneer (Korea). Each bacterial genomic DNA was mixed with 1 μL
forward primer, 1 μL reverse primer, and 10 μL QuantiTect SYBR Green
PCR Kit from Qiagen (Germany), resulting in a total reaction volume of
20 μL. The PCR reaction consisted of an initial denaturation step at 95 °C
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for 15 min, followed by 35 cycles of denaturation at 94 °C for 1 min, an-
nealing at 60 °C for 1.5 min, and extension. The fluorescence signals were
measured by CFX Opus 96 Real-Time PCR system (Bio-Rad, USA).

Supporting Information
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the author.
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