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1. Introduction

When tip-enhanced Raman spectroscopy (TERS) mapping is
performed, the acquired hyperspectral data, comprising hun-
dreds or even thousands of individual spectra, enables robust
statistical analysis. TERS combines Raman spectroscopy with
scanning probe microscopy (SPM), using a metallic tip to
enhance local electromagnetic fields and achieve nanoscale spa-
tial resolution.[1–4] This technique enables chemical characteri-
zation beyond the diffraction limit.[5–8]

In this work, 4096 spectra were collected in a single TERS
measurement, corresponding to a 64 � 64 pixel map from a
monolayer MoSe2 flake. This extensive dataset allows the

application of techniques such as principal
component analysis (PCA).[9,10] PCA is
particularly advantageous in this context,
as it efficiently extracts the relevant spec-
tral components and substantially mini-
mizes noise contributions.[11–13] Conse-
quently, this approach becomes a powerful
tool for highlighting the most significant
spectroscopic features and interpreting
the results with greater accuracy and
confidence.

When applied to large datasets, the PCA
method seeks to identify a set of principal
components (PCs) that capture the most
significant variance in the data.[10,13,14]

This process involves computing the eigen-
values and eigenvectors of the covariance
matrix of the variables. Each eigenvector

defines the direction of a PC, while its corresponding eigenvalue
quantifies the amount of explained variance. The components
are then ranked in decreasing order of variance, allowing the
selection of the most significant ones. By projecting the original
data onto the new set of axes that capture the largest variation,
defined by the number of PCs chosen, the dataset can be effec-
tively represented in a lower-dimensional space that retains the
essential structure and variability of the original data.

The integration of Raman spectroscopy with PCA has proven
efficiency in extracting detailed chemical information from
Raman mappings across a wide range of materials.[13,15,16]

This work presents a reproducible method for reducing noise
in large nano-Raman hyperspectral datasets. By applying PCA
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Tip-enhanced Raman spectroscopy (TERS) combined with principal component
analysis (PCA) offers a robust approach for enhancing signal quality and
uncovering spectroscopic features otherwise concealed by noise. This study
demonstrates that integrating TERS with PCA in large-scale datasets effectively
reduces noise and enhances the extraction of weak Raman signals that are often
obscured by random spectral fluctuations. The methodology was applied to
hyperspectral datasets acquired from MoSe2 monolayers exhibiting nanoscale
surface features. Through this approach, previously hidden nano-Raman peaks
were successfully isolated, enabling reliable chemical identification at the
nanoscale. The combined use of TERS and PCA significantly improves sensitivity
and resolution in the spectroscopic analysis of 2D materials, advancing their
characterization with respect to interfacial and environmental effects.
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and carefully selecting the appropriate number of PCs for data
reconstruction, it becomes possible to enhance the signal-to-
noise ratio and reveal spectral features that were previously
obscured. This approach not only facilitates the detection of weak
or hidden peaks but also improves the reliability and interpret-
ability of complex spectroscopic data.

2. Methodology

The sample studied in this work was prepared using the dry-
stamping technique, where MoSe2 grains, grown on a SiO2/Si
substrate via salt-assisted chemical vapor deposition, were
retrieved with an hexagonal boron nitride flake. The resulting
heterostructure was then transferred onto a glass slide using a
polymer stamp.[17,18]

Hyperspectral data were obtained by TERS in the porto labo-
ratory prototype system, which operates in an atomic force
microscope in non-contact mode using a tuning fork and
Plasmon tunable tip pyramids (PTTP) probes.[19–22] The excita-
tion source was a He─Ne radially polarized laser, and the spec-
trometer used was an Andor shamrock 303i with a 600 l/mm
grating.

PCA was conducted using an automated routine implemented
in the portoflow analysis software. The objective was to enhance
data quality by reconstructing the dataset using only the five PCs
carrying the largest variational contribution, thus preserving the
most relevant information within the data. The following section
details the method used to select the specific number of PCs.
Subsequently, the original dataset was reconstructed using the
inverse transformation as a linear combination of only the five
selected PCs.

Before the PCA-based noise reduction process, spikes result-
ing from cosmic rays or experimental artifacts were carefully
removed from each individual spectrum presenting such anom-
alies. This step was crucial, as it prevents these anomalies from
affecting the decomposition into the PCs. After applying PCA,
both the full spectra and relevant spectral regions were selected
using the software, and background subtraction was applied to
each region using a built-in routine that sets minimum values
to zero, thereby minimizing baseline contributions. This proc-
essing resulted in spectra with well-defined peaks, enabling
the generation of corresponding intensity maps.

3. Results

The region analyzed was a 1� 1 μm2 area of monolayer
MoSe2,

[23] scanned as a 64� 64 pixel map, resulting in a hyper-
spectral dataset comprising 4096 spectra. A representative
spectrum is shown in Figure 1a. After applying the PCA-based
noise reduction procedure that will be described here, the same
spectrum appears as shown in Figure 1b. The signal-to-noise
ratio, considering the most intense A1g mode of MoSe2, was
initially 48. After applying the PCA-based noise reduction pro-
cedure, it increased to 1040, representing a signal-to-noise
improvement by a factor of ≈21.7.

To evaluate whether the five components used to reconstruct
the data are sufficient for accurate Raman hyperspectral imaging,
we can compare a Raman map built from the MoSe2 data
before and after the PCA-based noise reduction. The resulting
difference between these maps, as shown in Figure 1c, consists
only of noise, which confirms that the reconstructed spectra
indeed keep the spectral features that truly define the map
image, and only noise remains after subtraction. Therefore,
the essential features of the data were effectively captured by
the five selected PCs.

Although the well-known peaks of MoSe2 were readily
observed even in the as-measured data prior to PCA, the aim
was to visualize features that could be associated with the
nanometric structures, namely the nanoprotuberances, since
the presence of noise can obscure weak peaks that might
otherwise be detected, particularly those not related to the
intense, well-known MoSe2 features below 650 cm�1. To
address this, PCA was applied to decompose the dataset into
components representing the main sources of spectral variation
and potential artifacts, thereby enhancing the detection of weak
TERS peaks that would otherwise remain hidden. Figure 2a
shows the proportion of variance considering the first 10
PCs, from PC1 to PC10. The plot indicates that the first five
components (PC1 to PC5) together account for more than
90% of the total variance, which is the rationale behind select-
ing these five. If the spectra is reconstructed with the inverse
PCA transformation, using only these five components, most
of the representative spectral features will be kept, while the
random spectral variation related to noise will be removed.
One way to illustrate this is to observe the spectral variance
of PC2 to PC5 in PC1. Figures 2b–f present the projections
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Figure 1. a) Representative as-measured spectrum from MoSe2, indicated in (c) by the open white circle. b) The same spectrum after PCA-based noise
reduction. c) Integrated Raman intensity map after PCA-based noise reduction, subtracted from the map built using the as-measured data. The inset
shows a typical subtracted spectrum, where one can only see residual noise.
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of the 4096 data points onto each of the first five PCs, with
each plot showing a specific PC plotted against PC1.
Figure 2b displays PC1 plotted against itself. Similarly,
Figure 2c presents PC2 versus PC1, and so forth for the
subsequent components. This analysis demonstrates that the
variance associated with each component progressively
diminishes up to PC5, which is the last component included
in the dataset reconstruction.

Once the dataset analyzed in this work reaches a sufficient
volume, the application of the PCA method significantly

enhances the detection of spectral peaks associated with contam-
inants, as shown in Figure 3. Before the analysis, these peaks
were obscured by noise, even after background subtraction,
making it difficult to distinguish them from the random
variations originating from noise. After applying PCA, several
peaks become prominent and, when their intensity is mapped,
a distinct pattern is revealed, corresponding to the spatial distri-
bution of the contaminants. This improved spectral clarity and
enabled a more precise correlation between the chemical features
and the observed morphological structures.

(b) (c)

(f)(e)(d)

(a)

Figure 2. a) Normalized variance considering the first ten PCs obtained from the PCA decomposition of the hyperspectral TERS data, and respective
cumulative variance. b–f ) Projections of the dataset onto the first five PCs, with each plot representing a specific PC (PC1-PC5) against PC1. Scale bars are
the same for (c–f ).
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Figure 3. Comparison between as-measured (top row, Before PCA) and PCA-based noise reduction processed (bottom row, After PCA) TERS spectra for
two distinct peaks. The intensity maps were obtained by selecting the spectral region highlighted in yellow in the spectra. Triangles represent the pixels
from which the spectra were acquired. The scale bars correspond to 250 nm in all images, and the color-coded bars represent the intensities in arbitrary
units. The maps were acquired from two different regions of the sample.
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Figure 3 presents a direct comparison between the spectra
before (first row) and after (second row) PCA-based noise
reduction, clearly demonstrating that noise initially obscures
relevant features, which only become discernible after data
processing. The corresponding intensity maps obtained for
each region before and after PCA-noise reduction reveal
relevant features associated with chemical signatures likely
originating from contamination, further validating our meth-
odology and findings.

4. Conclusions

PCA proved to be an effective tool for removing noise from TERS
hyperspectra. Together, these two techniques enable the detec-
tion of weak nano-Raman peaks that would otherwise remain
undetectable due to both spectral noise and the limitations of
conventional optical microscopy in visualizing features at the
nanoscale. The comparison of spectra before and after PCA
application demonstrates an improvement in data quality.
Furthermore, reconstruction using only five PCs was sufficient
to preserve all relevant information, indicating that the evaluation
of cumulative variance is a reliable criterion to determine the
appropriate number of components. This is further supported
by the observation that subtracting the original data from the
reconstructed yields only residual noise. This methodological
approach significantly enhances the capacity for nanoscale chem-
ical and morphological characterization and can be extended to
other complex systems, for which weak signals are typically
masked by noise. Therefore, PCA stands out as a powerful
and versatile tool for large-scale data analysis.

Although PCA is a powerful tool for enhancing these weak
signals, it is important to note that subtle spectral features with
low variance, represented by discarded PCs, may be lost along
with the noise. While these features may not represent signifi-
cant variance overall, they can be crucial for capturing specific
details in the sample.[12] Furthermore, it is important to
emphasize that PCA has limitations in capturing complex non-
linear variances, and its effectiveness is highly dependent on
the data volume to obtain reliable results. Moreover, PCs are
mathematical constructs rather than actual spectra, which lim-
its the direct physical interpretation of their significance.[11,13]

In conclusion, all data processing should always be performed
with due care.
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