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Abstract

Surface-enhanced Raman scattering (SERS) enables the detection of various types of m-conjugated biological and chemical molecules
owing to its exceptional sensitivity in obtaining unique spectra, offering nondestructive classification capabilities for target analytes.
Herein, we demonstrate an innovative strategy that provides significant machine learning (ML)-enabled predictive SERS platforms
through surface-engineered graphene via complementary hybridization with Au nanoparticles (NPs). The hybridized Au NPs/graphene
SERS platforms showed exceptional sensitivity (107 M) due to the collaborative strong correlation between the localized elec-
tromagnetic effect and the enhanced chemical bonding reactivity. The chemical and physical properties of the demonstrated SERS plat-
form were systematically investigated using microscopy and spectroscopic analysis. Furthermore, an innovative strategy employing ML
is proposed to predict various analytes based on a featured Raman spectral database. Using a customized data-preprocessing algorithm,
the feature data for ML were extracted from the Raman peak characteristic information, such as intensity, position, and width, from the
SERS spectrum data. Additionally, sophisticated evaluations of various types of ML classification models were conducted using k-fold

cross-validation (k=15), showing 99% prediction accuracy.
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1. INTRODUCTION

Surface-enhanced Raman scattering (SERS) exploits diverse
surface interactions between the material under analysis and the
metal surface, yielding an amplified Raman signal beyond typical
Raman spectroscopy. SERS shows surface signal enhancements in
the range of 10'“~10" in magnitude, enabling detection down to
the level of single molecules [1,2]. This remarkable capability
stems from its distinctive vibrational properties, allowing rapid
and precise detection of structural information in both chemical
and biological molecules. SERS finds applications in trace
detection of hazardous substances, quantitative determination of
molecular concentrations, and flow cytometry, outperforming
conventional Raman spectroscopy. Moreover, it is an effective

tool for identifying and characterizing biological and chemical
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molecular components, revealing their compositions, structures,
aggregation states, and ligand-binding effects [3-6]. The chemical
mechanism underlying SERS operates at the molecular level,
where the proximity between the substrate and molecule induces
charge transfer. This phenomenon significantly alters the charge
distribution of the molecule, enhancing its polarizability, and
consequently, the cross-section of Raman scattering. In addition,
the amplification of the local electromagnetic field, triggered by
surface plasmons excited by incident light, represents a long-range
effect that necessitates substrate roughness, emphasizing the
significance of hotspot generation. In this regard, the pivotal factor
for achieving substantial SERS enhancement lies in obtaining a
nanometrically hybridized or surface-engineered conformal
substrate. Traditionally, SERS substrates rely on the rough
surfaces of noble metals such as Ag, Au, and Cu. These substrates
interact with nearby molecules, including surface plasmon
resonance that generates hot spots when irradiated with light at
specific frequencies. Within these hotspots, a local electric field is
generated, intensifying the Raman signal [7-11]. However, as
detection sensitivity in analytical technology advances, various
interferences may arise between the detection material and analyte
equipment.

Conventional SERS encounters challenges as the detection

material directly contacts the precious metal surface, particularly
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metals such as Au and Ag, which catalyze various oxidation/
reduction reactions, resulting in diverse chemical bonds on the
SERS substrate and subsequent reactions. This significantly
compromises the integrity of the SERS spectrum, final detection
sensitivity, and material characterization [12]. To overcome this
limitation, surface-engineered graphene has been introduced. Its
smooth surface lacks hot spots, primarily generating SERS
phenomena through chemical interactions with target analytes.
Moreover, by introducing noble metal nanoparticles (NPs) onto
the graphene surface, a significant enhancement in the
electromagnetic interactions can be anticipated, along with
additional chemical interactions and exceptional chemical stability
originating from the graphene. Furthermore, the 7—x bonds within
graphene serve as a local magnet, providing a binding force for
target analytic molecules, thereby enhancing detection sensitivity.
[13-23]. Because of the complexity of analyzing SERS signals
and the presence of numerous signal overlaps, data analysis
approaches combined with machine learning (ML) have focused
on identifying and distinguishing the Raman spectral features of
various molecular components among their similar chemical
forms from the complexity of the spectrum [24-27].

Here, we demonstrate surface-engineered graphene-based
SERS platforms achieved through complementary hybridization
with Au NPs. The structural and chemical features of the
synthesized SERS platforms were systematically investigated
through microscopic and spectroscopic analyses. Our SERS
platform showed exceptional detection sensitivity for various
analytical molecules (Rhodamine 6G (R6G), Methylene Blue
(MeB), and Sudan 1), boasting extraordinary detection limits of
107 M. In addition, in collaboration with our data analysis
approach, we developed an artificial intelligence classification
model demonstrating 99% prediction accuracy. This was achieved
by optimizing the hyperparameters for our proposed neural
network classification model. These ML models hold promise for

further classification of mixed analytical molecules.

2. EXPERIMENTAL

2.1 Preparation of SERS substrates

The synthesized graphene was transferred onto a SiO,/Si
substrate following a multistep process. Initially, graphene was
grown on Cu foil using the conventional thermal chemical vapor
deposition method. For transfer onto a SiO,/Si substrate, a poly

(methyl methacrylate) (PMMA )-assisted wet transfer technique
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was employed. The graphene film was spin-coated with PMMA
(500 rpm for 5 s and 2000 rpm for 40 s), facilitating its adherence
to the substrate. Subsequently, the Cu foil was etched using an
aqueous Cu etchant, resulting in a PMMA/graphene film. This
film was thoroughly washed with deionized (DI) water and then
transferred onto the SiO,/Si substrate. After complete drying of
the substrate, the PMMA layer was removed using acetone,
leaving the graphene film atop the SiO, layer. Following the
transfer process, Au NPs were prepared as follows: 99.99% pure
Au grains served as the source material for thermal evaporation,
which was performed in an electrically heated tungsten boat. The
prepared graphene/SiO, substrate was then placed into a thermal
evaporator for the deposition of 3 nm-thick Au NPs at a rate of
0.1 A/sec.

2.2 Characterization

The chemical identification of pristine graphene films and Au

NPs—graphene hybrid films was conducted using X-ray
photoelectron spectroscopy (XPS, K-Alpha, Thermo Fisher
Scientific) with conventional monochromatic Al Ka radiation (hv
= 1486.6 eV). Structural characterization was performed using
scanning electron microscopy (SEM, S-4700, Hitachi), and
Raman spectroscopy (InVia Raman microscope, Renishaw)
coupled with an optical microscope (BX53MTRFS, Olympus).
For SERS analysis, aqueous solutions of R6G, MeB, and Sudan I
(1x107 M concentration) diluted in DI water were dropped
directly and dispersed onto the surface of the prepared substrates.
After the droplets were dried under ambient air conditions, Raman
measurements were conducted within the spectrum range of 550—
2050 cm’. Raman spectra were recorded at an excitation

wavelength of 532 nm within an intensity of 30 mW/cm’.

2.3 Data preparation for ML

An ML database was established using the SERS spectrum data
obtained from diverse substrates. For streamlined data analysis,
characteristic features such as peak positions, widths, and
intensities were extracted from each Raman spectrum. ML tasks
were conducted using MATLAB, incorporating robustness
measures and mitigating overfitting by employing k-fold cross-
validation (k = 5) during the training phase. In this MATLAB-
based framework, model performance was assessed using
performance metrics such as Mean Absolute Error (MAE), Root
Mean Square Error (RMSE), etc., to evaluate accuracy and

predictive capabilities.
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Fig. 1. (a) Schematic illustration of the cross-section of Au NPs/graphene substrate. (b) Top-view and (c) cross-section SEM images of Au NPs/
graphene substrate. (d) XPS survey, C 1s and Au 4f core-level spectra, and (e) the elemental atomic percentages collected from pristine
graphene and Au NPs/graphene thin films. (f) Raman overview spectra and (g, h) spatially resolved Raman mapping of the G-band for

graphene with and without Au NPs.

3. RESULTS AND DISCUSSIONS

Fig. 1 (a) illustrates a schematic of the SERS substrate,
described as Au NPs/graphene/SiO,/Si. The fabrication process
involved transferring graphene onto a cleaned 300 nm-thick SiO,/
Si (001) substrate using a wet transfer method assisted by PMMA.
Subsequently, 3 nm-thick Au NPs were deposited onto the
graphene/SiO,/Si

evaporation technique. This process resulted in the creation of a

substrate using a conventional thermal

hybrid SERS substrate exhibiting high uniformity over a large
area. Each Au NP contributes to the enhancement of Raman
scattering through its plasmonic electric field, whereas graphene
plays a crucial role in enhancing Raman scattering via charge-
transfer mechanisms. In Fig. 1, top-view and cross-sectional SEM
images are presented. Fig. 1 (b, ¢) show a clean and uniform
surface of the Au NPs/graphene SERS platforms, showcasing Au
NPs with a few-nanometer size. Based on these observations, we
concluded that the defective sites of graphene were decorated with

Au NPs, uniformly distributed across the graphene surface, with
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an average size of 3 nm. This indicates that wrinkles in graphene
could potentially serve as activation sites for the nucleation and
formation of Au NPs. In addition, the spacing observed in this
particular substrate was only a few nanometers, indicating the
potential for establishing a much stronger electromagnetic field on
the surface-engineered SERS platform. XPS analysis was
conducted using conventional monochromatic Al Ka radiation (hv
= 1486.6 eV) to elucidate the chemical state of the substrate
surface. The XPS survey, C 1s, and Au 4f core-level spectra of
pristine graphene and Au NPs/graphene hybrid films are shown in
Fig. 1 (d), and their atomic percentages are summarized in Fig. 1
(e). Upon the decoration of Au NPs on the surface of graphene, a
noticeable decrease in the intensity of the C 1s peaks was
unequivocally observed, attributed to the reduction of the exposed
carbon surface. Analysis of the C 1s core-level spectra for the
graphene and Au NPs/graphene SERS platforms revealed a
predominant sp> C—C component (binding energy, E; = 284.5 eV)
and negligible oxygen-containing components such as C-O, C=0,
and O=C—O. These findings indicate that the chemically identical
state associated with the graphene film remained consistent
irrespective of the presence of Au NPs. The presence of pure Au
NPs was confirmed through the Au 4f core-level analysis. In the
case of the Au NPs/graphene hybrid films, peaks within the
binding energy range of 83-88 eV can be attributed to the Au 4f
core-level spectra originating from the Au NPs. This information
indicates the formation of a homogeneous composite of graphene
and Au NPs. Raman spectroscopy was conducted to evaluate the
SERS enhancement of the Au NPs/graphene hybrid films, as
shown in Fig. 1 (f). The Raman spectrum of pristine graphene
exhibited three distinctive peaks: the D-band (~1350 cm™), G-
band (~1580 cm™), and 2D-band (~2650 cm™"). Specifically, the G
band is attributed to ordinary first-order resonance Raman
scattering. These scattering results involve the degenerate zone-
center optical phonon mode with E,, symmetry (iLO and iTO),
which is consistent with the electrons at the I point. Notably, the
G band can be used to estimate the doping concentration due to
the Kohn anomaly suppression with changing Fermi energy. In
contrast, the 2D-band arises from second-order double-resonance
Raman scattering involving two iTO phonons near the K point.
Since the 2D-band reflects the electronic band structure of
graphene, it helps in investigating the electronic structure of
graphene and perturbations in graphene, such as interlayer
interactions, number of graphene layers, and strain. The D-band
appears from a different intervalley double-resonance Raman
process related to an electron at the X point. This predominantly

occurs when defects are present in the graphene structure. All of
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these Raman contributions were also evident in the Au NPs/
graphene hybrid films; however, some relevant differences were
identified. Through the integration of graphene and Au NPs, the
Raman intensities of all peaks showed significant enhancement
compared to those of pristine graphene, attributed to a certain
degree of disorder induced by Au NP insertion within the
graphene layer. The strong excitation of surface plasmons induced
by the metallic NPs determines the overall change in the dipole
moment during vibration, even in the absence of a polarizability
change. The distinct enhancement of the G-band primarily stems
from the electromagnetic effect arising from the charge transfer
between Au NPs and the 7 electrons of graphene. Furthermore,
alteration of the electronic band structure of graphene results in an
increase in the full width at half the maximum of the peaks. The
enhancement of SERS in the Au NPs/graphene hybrid film was
more pronounced in the G-band than in the 2D-band, indicating
the susceptibility of the G-band to SERS. Another contributing
factor to the strong Raman enhancement may be the better
superposition of the plasmon resonance of the SERS substrates
with the excitation line of 532 nm used in the experiments. When
the plasmonic wavelength of the SERS substrate resonates with
the excitation, a highly intensified Raman enhancement is
achieved. To verify the spatial evolution of the structural and
chemical features before and after the deposition of Au NPs on
graphene, we performed Raman mapping of the intensity of the
G-band, as shown in Fig. 1 (g, h). Despite the deposition of Au
NPs, no significant changes were observed, indicating that the Au
NPs were nearly uniformly distributed on the graphene surface.
Regarding potential applications, we evaluated the sensing
capability of the as-prepared Au NPs/graphene system for
detecting various analytes using SERS. Various analytes, such as
R6G, MeB, Sudan I, and mixed dyes (R6G + MeB + Sudan 1),
were chosen, as shown in Fig. 2 (a, b). Typically, these analytes
have numerous ring groups in their molecular structures that
would interact with & bonding from the graphene. Consequently,
Raman signals from the substrate were expected to primarily
originate from the molecules of the target substance bound to
graphene between the Au NPs, where the electric field
enhancement is strongest. To validate this hypothesis, various
SERS platforms, including SiO,, graphene/SiO,, and Au NPs/
Si0, were prepared. All analytes were diluted with DI water to
prepare a 110”7 M solution. Target analytes at a concentration of
1x10”7 M were placed on each substrate by drying droplets, which
were then dried to anchor the molecules on the substrate surface,
as illustrated in Fig. 2 (c). To ensure comparability, all

measurements were performed under the same conditions. The
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Fig. 2. (a) Molecular structure illustrations of the dye molecules (R6G, MeB, and Sudan I). (b) Photograph of R6G, MeB, Sudan I, and mixed
target analytes dispersed at a concentration of 13107 M. (c) Schematic illustration of SERS measurements of analyte molecules on the
SERS substrate. (d) Comparisons of SERS spectra and () main characteristic peak intensities for 1x107 M of R6G (red), MeB (blue),
and Sudan I (orange) obtained from various SERS substrates.

Raman spectrum results of each SERS platform are illustrated in
Fig. 2 (d). Generally, R6G shows characteristic peaks at
approximately 1127 cm™ (C—H in-plane bending) and 1360, 1507
cm ' (aromatic C—C stretching). MeB shows characteristic peaks
at 1402 cm”' (symmetric C-N stretches) and 1620 cm’'
(asymmetric stretching vibration of benzene rings). Sudan I dyes

demonstrate characteristic peaks at approximately 1227 cm™ (C—

O stretching vibration and CCH scissoring bending of naphthalene
ring), 1495 cm™ (C=N, N-N stretching vibration, and N-H in-
plane bending vibration), and 1596 cm™ (C—C scissoring bending
from the benzene ring and N=N stretching vibration). Comparing
graphene/SiO, with SiO,, we found that the Raman intensity of
the analytes was enhanced by introducing graphene. This

phenomenon can be attributed to the chemical interaction effect.
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Fig. 3. (a) Schematic of feature extraction and data preparation for ML. (b) Confusion matrices for various machine algorithms in the
classification of the four different target analytes. (c) Summary of the prediction accuracy of various training models.

Previous studies have reported that monolayer graphene facilitates
charge transfer between graphene and probe molecules, resulting
in a vibration-mode-dependent enhancement. Further, aromatic
molecules tend to stack parallel to the m bonds of graphene
through m—m stacking, leading to enhanced resonant energy
transfer. By contrast, the Au NPs/graphene/SiO, substrate
exhibited significantly higher SERS sensitivity compared to the
other control samples, as shown in Fig. 2 (e).

By decorating Au NPs on graphene, multiple Au NPs are
closely positioned, resulting in strong electric fields on the SERS
platforms. The electromagnetic-coupled effect due to the

J. Sens. Sci. Technol. Vol. 33, No. 3, 2024

aggregated NPs and the strong electrical interactions between Au
NPs and graphene are responsible for the significantly enhanced
Raman signal of the analytes. This strong enhancement of the
localized electromagnetic effect from the Au NPs, coupled with
additional chemical interactions from graphene, offers a highly
advantageous opportunity for the characterization of adsorbed
target molecules. These results can be attributed to the
electromagnetic and chemical correlations between the Au NPs
and graphene. Our approach, involving surface-engineered SERS
platforms via complementary hybridization with Au NPs and

graphene, demonstrates the potential for highly sensitive detection
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of m-conjugated molecules due to collaborative electromagnetic
and chemical correlations.

Fig. 3 (a) illustrates the feature extraction process for applying
various types of classification ML algorithms to the measured
Raman spectra. First, to capture the distinct characteristics of the
modes, customized data

measured Raman  fingerprint

preprocessing steps were developed. These steps include
denoising the raw Raman spectra, baseline subtraction, and
normalization. The denoising process was performed using the
Savitzky—Golay filtering algorithm, implemented using the SciPy
library in Python. To capture the precise Raman characteristics,
we performed baseline subtraction using polynomial baseline
extraction from the Python pybaseline library. Sequentially,
minimum-maximum normalization was implemented, scanning
the data from O to 1. After pre-processing the original Raman
spectra, we selected five representative Raman modes for each
target analyte to apply Lorentzian curve fitting. Lorentzian curve
fitting was performed using the curve-fit modules from the SciPy
library. By appropriately optimizing the fitting parameters, we
achieved Lorentz-fitted curves with r-squared values over 99%.
This resulted in precise peak information, such as peak intensity,
peak position, and peak width, which was used as ML feature
data. By extracting the feature dataset for 100 Raman spectra (25
extracted feature sets each for R6G, MeB, Sudan I, and mixed
dyes, totaling 100 sets), we prepared and reorganized the database
for applying ML, with the feature datasets corresponding to the
label data as the answer dataset. To validate the scheme for
classifying the four different chemical analytes, we used a
supervised ML approach. The classification was performed using
well-defined training algorithms from Scikit-Learn in Python,
such as linear discriminant analysis, decision tree, support vector
machine (SVM), ensemble bagged trees, k-nearest neighbor
(kKNN), and neural network with k-fold (k = 5) validation, as
illustrated in Fig. 3 (a). The classification results are presented as
a confusion matrix, as illustrated in Fig. 3 (b). The prediction
accuracies of the linear discriminant analysis, decision tree, SVM,
ensemble bagged trees, kNN, and neural network were 88%, 95%,
83%, 95%, 93%, and 99%, respectively, as shown in Fig. 3 (c).
The decision tree and ensemble bagged tree models exhibited
slightly similar classification behaviors. Among them, the kNN
model, which had the highest prediction accuracy, was used for
further ML analysis. In addition, the incorrect labels were mostly
distributed among the mixed analytes labeled as R6G and MeB,
indicating that while the classification models are excellent, room

for further optimization remains.
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4. CONCLUSIONS

This study introduces a novel approach that harnesses the
synergistic effects of graphene and Au NPs to significantly
enhance Raman signals, thereby enabling highly sensitive SERS
platforms for identifying diverse analytes. By capitalizing on
collaborating electromagnetic and chemical interactions, our
surface-engineered hybrid material offers an unprecedented level
of sensitivity, paving the way for nondestructive and highly
sensitive detection capabilities in SERS-based applications. In
addition, we demonstrate an innovative strategy that leverages
ML techniques to classify various analytes based on an extracted
feature database. Through our approach, involving data
data,

sophisticated evaluations employing k-fold (k = 5) validation, we

preprocessing, extraction of essential feature and
demonstrated the high prediction accuracy of various ML models.

Our results demonstrated significantly higher sensitivity than
conventional methods, indicating promising potential and
applicability for molecular detection in the areas of medicine, food
safety, and biotechnology. Additionally, the application of SERS
analysis combined with ML algorithms assists in the quick and
direct analysis and processing of data, making it suitable for
molecular-level detection, which is challenging using traditional
SERS technology. Furthermore, the high predictive accuracy of
the ML models is expected to broaden the scope and depth of

SERS applications in various fields.
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