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Abstract
Raman spectroscopy is a valuable tool for non-destructive vibrational analysis of chemical
compounds in various samples. Through 2D scanning, it one can map the chemical surface
distribution in a heterogeneous sample. These hyperspectral Raman images typically contain
spectra of pure compounds that are hidden within thousands of sum spectra. Inspecting each
spectrum to find the pure compounds in the dataset is impractical, and several algorithms have
been described in the literature to help analyze such complex datasets. However, choosing the
best approach(es) and optimizing the parameters is often difficult, and the necessary software
was not yet combined in a single program. Therefore, we introduce RamanLIGHT, a fast and
simple app to pre-process Raman mapping datasets and apply up to eight unsupervised
unmixing algorithms to find endmember spectra of pure compounds. The user can select from
six smoothing methods, four fluorescence baseline-removal methods, four normalization
methods, and cosmic-ray and outlier removal to generate a uniform dataset prior to the
unmixing. We included the most promising pre-processing methods, since there is no routine
that perfectly fits all types of samples. Unmixed endmember spectra can be further used to
visualize the distribution of compounds in a sample by creating abundance maps for each
endmember separately, or a single labeled image containing all endmembers. It is also possible
to create a mean spectrum for each endmember, which better describes the true compound
spectrum. We tested RamanLIGHT on three samples: an aspirin-paracetamol-caffeine tablet,
Alzheimer’s disease brain tissue and a phase-separated polymer coating. The datasets were
pre-processed and unmixed within seconds to gain endmembers of known and unknown
chemical compounds. The unmixing algorithms are sensitive to noisy spectra and strong
fluorescence backgrounds, so it is important to apply pre-processing methods to a suitable
degree. RamanLIGHT is freely available as an MATLAB and soon as standalone app.
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1. Introduction

Unsupervised hyperspectral deconvolution methods were first
used for airborne spectroscopy in the visible to near-infrared
spectrum [1]. Nearly all unmixing algorithms were developed
for geological applications, to create abundancy maps of min-
erals and rare metals deposits on the earth’s surface [2]. After
that, they found new uses in Fourier-transform infrared spec-
troscopy (FT-IR) [3], Raman [4], and Matrix-assisted laser
desorption/ionization (MALDI) [5] hyperspectral imaging,
since all these methods generate large amounts of data for each
pixel.

In general, unmixing algorithms are used to estimate pure
pixels in the hyperspectral dataset. In the first step, the spec-
tral features are reduced by principal component analysis
(PCA) or maximum noise fraction (MNF). Then unmix-
ing algorithms are applied to extract extreme datapoints in
the dimensionally reduced hyperspectral dataset, which are
assumed to be the purest spectra, also called endmembers.
These extremes can be estimated through geometric methods
like orthogonal projection or simplex inflation or through stat-
istics. However, extreme spectra also can be due to cosmic
rays, fluorescence baseline, noisy baseline, or varying com-
pound concentration. Therefore, it may be necessary to per-
form spectral pre-processing because the performance of the
endmember extraction algorithms stands or falls with a clean
dataset.

Several smoothing, baseline correction, and rescaling
methods are freely available for Raman spectroscopy (see fur-
ther below), but none of them are combined in one application
for Raman mapping. Currently, there are only two options
obtainable for unmixing spectral datasets. One of them is
OCTAVVS, which includes several spectra pre-processing
methods but uses multivariate curve resolution—alternating
least squares (MCR-ALS) as the only endmember extrac-
tion method [6]. The other one is a Hyperspectral toolbox
on GitHub containing MATLAB functions. The large repos-
itory contains only unmixing functions without a graphical
user interface, which makes it challenging for users who are
less familiar with the MATLAB programming language [7].
RamanLIGHT uses some of the unmixing functions from that
toolbox, which makes it simple for the user to apply different
smoothing, baseline correction, and rescaling methods on the
data, to enhance the unsupervised endmember extraction, as
well as create a labeled image and a mean spectrum for each
compound.

We demonstrate the added value of this app by applying it to
the 2D hyperspectral Raman images of three samples repres-
enting very different areas of science: a pharmaceutical tablet,
a biomedical tissue sample, and a polymer sample.

2. Methods

In the following paragraph we will describe the required
input format and the pre-processing and endmember extrac-
tion methods that are available in the RamanLIGHT app.

Raman mapping effortlessly generates large datasets with
thousands of spectra. Therefore, we optimized the app to use
parallel processing where possible to reduce the processing
time. However, the Parallel Computing ToolboxTM must be
started by the user before it will be utilized by the app. The
toolbox can be started by typing ‘parpool’ into the command
window and pressing enter, or by selecting the pool status
indicator icon in the lower-left corner of the main MATLAB
window and selecting ‘Start Parallel Pool’.

Spectral datasets can be loaded into the app as .txt or
.mat file. The tab-separated .txt file should have the pixels’
y-x-coodinates in the first and second column, respectively.
Wavenumbers should be in the third column and the measured
intensities in the fourth column, as it is for instance generated
by the Renishaw WiRE™ software. Alternatively, the spectra
can also be imported as a three-dimensional matrix MATLAB
file, where the pixel positions match the rows and columns
of the cube, and the intensities are along the third dimension.
Since the cube does not contain wavenumbers, the app will
ask in a popup-window for wavenumbers, either as a space
separated vector, or it will generate an equally spaced vector
according to the number of observations in the third dimension
of the cube.

2.1. Pre-processing

A cosmic ray removal method (p-chirp) can be applied to the
dataset before the spectra are smoothened or baseline correc-
ted, this ensures that the unwanted cosmic peaks are removed
before they can influence the subsequent pre-processing steps,
as illustrated in the flowchart (figure 1).

Users can choose between six smoothing methods, includ-
ing the well-known (a) Savitzky-Golay (with a quadratic poly-
nomial) and (b) Box car methods that are widely used in
Raman spectroscopy.

Another included method is the (c) Whittaker Smoother,
which smoothens spectra based on penalized least squares [8].
The window size of this graduation smoother can be defined
by the user.

(d) Local regression known in MATLAB as the loess
method smoothens the spectrum by applying a local weighted
linear least square and a 2nd degree polynomial model accord-
ing to a selected window size.

(e) Robust linear regression known in MATLAB as the
rlowessmethod, applies a locally weighted linear least squares
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Figure 1. Processing flowchart of the RamanLIGHT app. The
flowchart illustrates the chronological order of applied
pre-processing methods, endmember analysis, as well as additional
HyperPCA and HyperMNF methods. The cosmic ray removal,
spectral smoothing, baseline correction and normalization
pre-processing methods are optional, and spectra/images can be
exported after selected processing steps as .csv or .mat file and
JPEG, PNG, SVG.

and a 1st degree polynomialmodel over a definedwindow size.
In addition, it assigns zero weight to datapoints outside a six
standard deviations range, whichmakes it more robust towards
outlying datapoints.

(f) Another method called Kernel in the app is a Gaussian
kernel smoothing regression method which was implemented
into a MATLAB function [9]. The smoothing degree can be
defined through the window size/bandwidth.

RamanLIGHT offers four (fluorescence) baseline removal
methods which can be individually selected through a drop-
downmenu: (a) The first baseline correction method, Backcor,
applies an iterative method to estimate the baseline through
polynomial order by minimizing a cost function [10, 11] The
user can change the polynomial order of the baseline correc-
tion and the threshold cost function value. Larger threshold
values are recommended for spectra with steep fluorescence
baselines. The app uses as default an asymmetric truncated
quadratic cost function ‘atq’ approximation method, since it
is recommended for optical spectroscopy where the peaks are
expected to be positive, but other cost functions can be selected
in the Info tab.

(b) Extended multiplicative signal correction (EMSC) uses
the basic EMSC correction with linear and quadratic effect,
and additionally a reference spectrum that is selected by the
user [12]. That reference spectrum should have a low baseline
slope, since it will be used by the EMSC for correcting the
fluorescence baseline offset in the whole dataset. EMSC can
separate different types of chemicals and physical variations
in spectra, and it also performs a normalization of the dataset.

(c) Another method uses asymmetrically reweighted pen-
alized least squares (arPLS) to correct the baseline [13]. This

method distinguished itself through yielding better results in
baseline correction and peak height estimation compared to
other penalized least square baseline estimations. In Raman-
LIGHT the user can define the termination ratio and smooth-
ness parameter, and it is recommended to change the latter
value on a log scale. Ideally this value should be between
101 where the fluorescence baseline is highly fitted around the
spectrum and at 1011 where the baseline estimation is linear
[13]. The termination rate can be reduced from 10−1 to 10n

to give arPLS more iterations to fit the baseline. However, the
maximum number of iterations is set to 500, which can stop
some baseline removals too soon, but this can be changed in
the preferences.

(d) The Vancouver algorithm is an improved multi-
polymodal baseline removal method optimized for fluores-
cence from biomedical samples [14]. In the first iteration it
will remove peaks to improve the polynomial fitting, and addi-
tionally it includes a statistical method to reduce for signal-
to-noise effects. The latter will reduce undesirable peaks that
might arise from polynomial fitting. The VancouverMATLAB
function implemented by Guevara was used with a stop cri-
terion of 100 iterations and the included box car smoothing
was deactivated [15].

The function ‘outlier spectrum removal’ uses two methods
to remove spectra that were recorded during an oversatura-
tion of the detector. Depending on the instrument, data from
oversaturated detectors are either represented as capped peaks
or as zero intensities; in both cases this leads to consecut-
ive wavenumbers with the same intensity. The first method
determines the largest interval of repetitive intensities and
compares them to a selectable threshold. These spectra are
identified before any smoothing or baseline corrections are
performed but are removed after the rescaling together with
the second outlier detection method. The second method,Max
peaks, removes spectra that contain datapoints that are larger
than a defined threshold value. This method removes mainly
spectra that are either from a highly fluorescent sample or from
a saturated detector and that were not corrected by the baseline
removal methods. In general, such outliers should always be
removed to create a uniform dataset, which will optimize the
performance of the endmember extraction algorithms.

Four normalization methods can be applied to each spec-
trum separately. The rescaling method rescales each spectrum
between 0 and 1. The second method is a standard normal
variate (SNV) normalization method, where the mean value
is subtracted from the spectrum which is then divided by the
standard deviation. The third method is a vector normaliza-
tion method, and it uses the ‘norm’ method from the MAT-
LAB normalize() function, and the fourth method uses the
area under the curve of a specific peak for normalization. One
or more normalizations can be applied on the spectra, but in
the specified chronological order as described in the flow-
chart (figure 1). However, it is recommended to use only one
method.

The spectrum pre-processing is initiated after pressing the
‘Apply pre-processing’ button, and the spectra preview figure
will be updated automatically after the processing is fin-
ished. The performance of the processing can be assessed by
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comparing two spectral heat maps from the raw and processed
spectra. Additionally, the spectral datasets can be exported
as .csv or .mat file at different processing steps throughout
the app for other applications. The exported file will save the
wavenumbers in the first column and the spectral intensities in
the subsequent columns.

2.2. Unmixing methods

The app can apply eight different unmixing algorithms:

(a) N-FINDR is a convex geometry endmember unmixing
method, based on simplex volume optimization [16]. In
the first step the dimensionality of the spectral dataset is
reduced, which can either be done through MNF or PCA.
N-FINDR uses a randomly initiated simplex that is iterat-
ively inflated until it reaches the largest volume. Each ver-
tex of the simplex represents a pixel with the purest spec-
trum. Form endmembers that will be extracted, the dataset
will be reduced tom−1 dimensions to fit anm−1 simplex.

(b) Pixel purity index (PPI) is also a convex geometry end-
member unmixing method such as N-FINDR, but it uses
orthogonal projections instead of a simplex volume to
shorten the computational time [17]. After dimensionality
reduction through MNF or PCA the unmixing algorithm
projects the data repeatedly onto 104 randomly generated
unit vectors and records the pixels that were found to be
extreme. The pixels with the most extreme records are
deemed to belong to the purest spectra.

(c) The fast iterative pixel purity index (FIPPI) algorithm is
an advancement of the PPI algorithm [18]. Instead of ran-
domly generated vectors it generates an appropriate set
of initial endmembers using an automatic target genera-
tion process (ATGP) algorithm. ATGP estimates an ini-
tial set of endmembers based on orthogonal subspace
projection, which is then used by FIPPI to repeatedly pro-
ject data onto it to find the extreme pixels. Instead of
recording the extreme pixels, the algorithm will replace
the extreme pixels after each iteration, until a final set of
endmembers is established that cannot be replaced. How-
ever, this means that FIPPI does not necessarily provide
the specified number of endmembers from the input, it will
provide a number of endmembers that were in the final set
when the stop criterion was reached.

(d) Vertex component analysis (VCA) is another orthogonal
projection that is randomly initiated, and includes a
smoothing method of the endmember spectra [19]. VCA
also expects that the purest pixels are located at the ver-
tices of a simplex. However, instead of a growing simplex,
VCA projects data onto a directional orthogonal, so that
the purest pixels can be found at the extremes of the pro-
jection.

(e) Automated target generation process (Atgp) [20] is
another orthogonal projectionmethod like PPI. It performs
a sequence of subspace projections to extract the extreme
spectra from the dataset.

(f) The Independent component analysis endmember extrac-
tion algorithm (ICA-EEA) is a higher order statistics

method [21]. It uses Fast Independent Component Ana-
lysis (FastICA) for calculating ICA components and then
computes the relevance scores to rank them, similar to
eigenvalues in PCA.

(g) The alternating volume maximization (AVmax) method
first reduces the dimensionality with PCA and then max-
imizes a simplex iteratively, similar to N-FINDR [22].
However, AVmax will be faster in estimating endmem-
bers, and is more robust towards noise in the spectra.

(h) The automated morphological endmember extraction
(AMEE) algorithm uses mathematical morphology to per-
form the endmember extraction [23]. The method uses
spectral information as well as the spatial position of the
pixel. The spatial morphology is performed by moving
a kernel through all pixels in the image and recording
the spectrally purest and most highly mixed pixels within
the kernel. The two extreme pixels are used to calculate
a morphological eccentricity index, which is then used
to determine the pixel of the endmembers. The user can
select a specified number for the minimum kernel size
(Smin × Smin).

2.3. Analysis

The endmember spectra are then used to estimate Abundance
maps for each compound, which can be calculated with an
unconstrained least-squares method (UCLSs), a fully con-
strained least-squares method (FCLSs), or a nonnegative con-
strained least-squaresmethod (NCLSs) [24]. UCLS andNCLS
are suitable for target detection and identification in abund-
ance maps, while FCLS is suitable for target quantification in
abundance maps. The latter is recommended for creating the
labeled images since they are based on the intensities of the
abundance maps.

The Labeled image can be created by classifying each pixel
to an abundance map where it has the highest endmember cor-
relation value. As an additional feature, the labeled image can
be overlaid onto a pseudo grayscale image by combining some
of the abundance maps. This label overlay makes it easier to
visualize the position of compounds in the sample based on
the morphological features of the Raman map.

From the previously classified pixels, a mean spectrum can
be generated by averaging the spectra for each endmember.

With Pixel comparison it is possible to compare the spec-
trum of a pixel with the spectrum of the classified endmember.
For this, a red dot can be moved over a grey pseudo image of
the sample, with drag & drop, to select the pixel of interest.
The figure on the right of the image is then updated with the
spectrum of the corresponding pixel and endmember.
HyperPCA applies Principal Component Analysis on the

pre-processed spectra to estimate a specified number of prin-
cipal component (PC) bands. The wavenumbers in each pixel
are reduced to a specified number, where the first band con-
tains most information and the following bands explain the
variance in the dataset based on the first PC. Additionally,
a PC coefficient spectrum can be plotted that displays the
percentage of variance retained by each of the PCs. The
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summation of the retained variance describes howwell the PCs
explain the whole dataset.
HyperMNF applies MNF transformation to the pre-

processed dataset to estimate a defined number of principal
component bands. The PCs are ordered by decreasing PC
image quality, whichmakes the transformation favorable com-
pared to PCA if the dataset contains noisy bands.

2.4. Samples

In order to test the RamanLIGHT app, three types of 2D
samples were mapped with a Renishaw InVia Raman micro-
scope, equipped with a 532 nm excitation laser.

(a) An aspirin, paracetamol, and caffeine (APC) painkiller
tablet from the brand Excedrin was cut in half with a scalpel
knife. The exposed bulk surface was measured with 1 acquis-
ition per pixel and integration time of 0.5 s, 50% laser power
(16.9 mW), Leica HC PL FLUOTAR 20× NA 0.4 objective
acquiring in total 32 361 spectra (161 × 201 pixels) with a
5 µm step size.

(b) A post mortem brain-tissue sample from an Alzheimer
Disease donor was obtained through the Netherlands Brain
Bank (NBB, Netherlands Institute for Neuroscience, Ams-
terdam). The research was carried out in accordance with
the principles embodied in the Declaration of Helsinki. The
brain donor program was approved by the local medical
ethics committee of the Vrije Universiteit Medical Center
(Ref#2009/148). Written informed consent was given by the
brain donors for the brain autopsy and the use for clinical
and research purposes. The tissue wasmeasured freshly frozen
with no further sample treatment on a CaF2 slide, see Lochocki
et al for details [25]. An area with amyloid plaque, iden-
tified on the basis of its blue-excited greenish autofluores-
cence, was mapped with three acquisitions and an integration
time of 1 s per accumulation, laser power of 10% (3.8 mW),
pixel step size of 1 µm and with a Leica HC PL Fluotar
50× NA 0.8 objective, resulting in a dataset of 2601 spectra
(51 × 51 pixels).

(c) A phase-separated polymer coating sample of poly-
methylmethacrylate (PMMA) and polystyrene (PS) was pre-
pared by pipetting toluene solutions of PMMA and PS onto a
100 µm thick glass slide while it was rotating in a spincoater
[26], after which it was cured for one hour in an oven at 50 ◦C.
In order to obtain a sufficient SNR for the thin layer, the mixed
polymer coating was mapped with two acquisitions per pixel
and integration time of 1 s per acquisition, 100% laser power
(33.3 mW), Leica HC PL Fluotar 63× NA 0.70 objective and
a pixel step size of 1 µm. The dataset contained 2337 spectra
(57× 41 pixels). Additionally, reference samples were created
by pipetting the pure solutions onto a glass slide and perform-
ing the same application and curing steps as mentioned above.
For the polymer sample, cosmic rays were suppressed during
the acquisition through the Renishaw WiRE™ software.

2.5. Software requirements

RamanLIGHT is compatible with MATLAB R2020b and
later releases. Furthermore, it requires the Image Processing

Toolbox and the Parallel Computing Toolbox to be installed.
The app was tested on systems running macOS and Windows
and it is also compatible with Linux.

Timing of the pre-processing step of the APC tablet with
32 261 spectra was performed according to the parameters
in 3.1, and showed a computation time of 11 s with six
workers of the parallel computing toolbox, and 97 s with
parallel computing turned off. Geometric based unmixing
methods needed only seconds for unmixing the three endmem-
bers, while the ICA-EEA endmember unmixing method took
90 s. The computational times were measured with MATLAB
R2021a Update 5, on a MacBook Pro running macOS 12.2.1
with a 2.6 GHz 6-Core Intel Core i7 9th gen CPU, 32 GB
RAM and Advanced Micro Devices Radeon Pro 5300 M
4 GB Graphics Processing Unit.

3. Results

3.1. APC tablet

The dataset of the APC tablet contained 32 361 spectra.
Because of the unevenness of the cut bulk surface, this also
contained spectra that were acquired when the sample was out
of focus, so some spectra of the dataset had a reduced sig-
nal intensity. Additionally, at least one spectrum was found
to contain a cosmic-ray peak, 13 spectra contained only zeros
because the detector was overloaded, and an undefined number
of spectra contained inactive ingredients that were also part of
the pharmaceutical formulation.

After loading the dataset into the app, the preview window
showed the first 20 spectra. At that point it was noticed that
the baseline was slightly increased for some spectra due to
fluorescence background and that significant peaks occurred
only in the range of 1200 cm−1–1750 cm−1. We then applied
Savitzky-Golay smoothing with a window size of 5, a backcor
baseline removal with a 6th polynomial order (threshold 0.01),
a narrower wavenumber range, and an SNV rescaling to over-
come the different spectral intensities. The pre-processing also
removed four outlier spectra that had a high baseline after the
correction step with backcor and also contained more than two
identical consecutive wavenumbers.

The three active ingredients of the APC tablet were suc-
cessfully unmixed by four methods namely by N-FINDR,
VCA, Atgp, and AVmax, while PPI, ICA-eea, and AMEE only
unmixed two compounds, and FIPPI unmixed only one. The
resulting endmember spectra obtained with these eight unmix-
ing approaches are shown in figure S1 in the supplementary
material (available online at stacks.iop.org/JOpt/24/064011/
mmedia). The endmember spectra of the successfully unmixed
compounds were similar to each other. Only the VCA spectra
were smoothed, while the N-FINDR, Atgp, and AVmax were
noisier. The main differences were the order of the classified
endmembers and the double peak of the paracetamol endmem-
ber spectrum at 1610 cm−1. VCA and AVmax unmixed it as
a double peak with equally high intensities, while N-FINDR
unmixed it as a shouldered peak with the highest intensity at
1619 cm−1, and Atgp selected the other peak with the highest
intensity (figure S1).
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Figure 2. RamanLIGHT app applied to APC tablet. (a) VCA unmixing of a Savitzky-Golay smoothed (window size 5), baseline corrected
(backcor 6, threshold 0.01), and SNV rescaled Raman dataset. (b) Abundance maps of each VCA endmember determined by a fully
constrained least-square estimation method. (c) Labeled image based on the abundance maps. (d) Mean spectra created based on the
classified pixels from the labeled image. In both spectra and in the labeled image caffeine is represented in blue, aspirin in red, and
paracetamol in yellow. The 13 removed outlier spectra are visualized as black pixels in the Labeled image (c). Scale bar 100 µm.

The VCA endmember spectra were selected to create
abundance maps with a FCLS estimation method (figures 2(a)
and (b)). Using this method, instead of an UCLS estimation
method, yields better results for the classification of the labeled
image. The classified image of the tablet is shown with the
same colors as in the endmember line spectra to simplify the
identification (figure 2(c)). The classified pixels were used to
create amean spectrum for each compound (figure 2(d)). Com-
paring the spectra to literature refences [27], it can be noted
that the endmember spectrum of aspirin (endmember 2) is
closer to the reference than the mean spectrum, especially for
the broad peak at 1637 cm−1. This suggests that some pixels
classified as aspirin actually contained mixtures of other com-
pounds. On the other hand, compound 3 (paracetamol) of the
mean spectrum is closer to the truth since it has a shouldered
peak with a maximum at 1610 cm−1 instead of a double peak
which was unmixed through VCA.

We chose to restrict the unmixing algorithms to three end-
members, but an APC tablet also contains inactive ingredi-
ents besides APC. In this sample, none of the algorithms
selected an inactive ingredient in their endmember spectra,
probably because these compounds were mixed with one
of the three pure compounds and therefore could not be

detected separately, since the number of endmembers was
restricted.

3.2. Alzheimer’s disease brain tissue

The Alzheimer’s disease brain tissue dataset consisted
of noisy spectra with a highly fluorescence baseline,
thus we smoothened the spectra with a Savitzky-Golay
(window size 5), background corrected with backcor (poly-
nomial order 6, threshold 0.01) and rescaled with a vec-
tor normalization. The dataset contained an unknown num-
ber of compounds, so it was important to not constrain the
unmixing methods in the beginning. It is generally advised
to start with many endmembers and then reduce the number
step by step after inspecting the abundance maps. It is also
possible to use the included function to estimate the num-
ber of endmembers. We determined that the optimal num-
ber of endmembers that can discriminate the foreground,
which contains the region of interest, from the background
(Abundance map 3 & 4) is four, as seen in figure 3. The
first endmember corresponds to the amyloid plaque; apart
from proteins in predominantly beta-sheet conformation, it
also shows strong Raman peaks at 1151 and 1514 cm−1 that
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Figure 3. RamanLIGHT app applied to Alzheimer diseased brain tissue. The Raman dataset was pre-processed by applying
Savitzky–Golay smoothing (window size 5), baseline correction (backcor 6, threshold 0.01) and a vector normalization rescaling algorithm.
(a) Vertex component analysis was used to determine four endmembers. (b), (c) The endmember spectra were then used to calculate
abundance maps (fully constrained method) to show the distribution of the compounds as well as to create a labeled image. (d) The
classified pixels in the labeled image were then used to calculate the mean spectra for each of the four compounds. Scale bar 10 µm.

are due to carotenoid compounds as described in an earlier
paper from our laboratory [25], the second endmember cor-
responds to calcium carbonate (most probably a dust particle)
and the last two to the tissue background. The pixel selec-
tion tool showed that the latter two endmembers consist
of typical Raman bands of proteins and lipids with a noisy
baseline.

3.3. Polymer coating

As a third demonstration, the phase separated PMMA and PS
surface was mapped. The spectrumwas cropped to 1800 cm−1

since it did not contain any peaks at higher wavenumbers, as
seen in the reference spectra (figure 4(a)). The polymers have
a higher baseline in the lower Raman shift range, so this time
we used Vancouver (9) for baseline correction, Boxcar with
window size 5 for smoothing, and Vector rescaling as normal-
ization. We constrained the methods to search for two end-
members, and N-FINDR unmixed two spectra that were sim-
ilar to the reference spectra, as shown in figure 4. The created
abundance maps show large but also very small phase separ-
ated polymer droplets in the coating, that are sometimes smal-
ler than the focal volume of the excitation laser or the step
size of the motorised microscope stage. This is illustrated in
the abundance maps by the dark-greenish color (0.5 on the
color bar) that some pixels have in both abundance maps. This
means that those pixels are not pure PS nor PMMA polymers,
which makes the classification of those pixels less reliable. To

overcome this issue we chose to refine the mean spectra by
including only pixels that have a high correlation in the abund-
ance maps to the endmembers. The correlation was set to 95%,
which means that only 128 pixels for compound 1 and 311
pixels for compounds 2 were used for calculating the mean
spectra.

4. Discussion

RamanLIGHT brings more than 175 unique pre-processing
combinations to the user, and even more when the degree of
smoothing and background correction are taken into account.
The graphical user interface of the app (see figure 5) is divided
into tabs for pre-processing, endmember extraction and ana-
lysis according to the data processing flow of figure 1. The
first tab (Pre-processing) is for loading and optimizing the
dataset (figure 5(a)). The endmember algorithms are divided
over four tabs and the first endmember tab also contains input
fields to define or estimate the number of endmembers that
should be unmixed (figure 5(b)). The Abundance map tab cal-
culates the abundance of the selected endmember spectrum
(figure 5(c)) while the Mean spectra tab calculates the mean
spectra (figure 5(d)).

The unmixing algorithms can best identify the purest pixels
when the dataset is consistent and clean. Therefore, the user
has to decide when it is necessary to delete outlier spec-
tra that cannot be corrected with a fluorescence baseline
removal method, such as when the detector is oversaturated.
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Figure 4. RamanLIGHT app applied to phase separated polymer sample on a glass microscope slide. (a) Raman reference spectra of PS
(blue) and PMMA (red). Spectral dataset was smoothed with Boxcar (widow size 5), Vancouver baseline corrected (9), and Vector
normalized. N-FINDR was chosen for creating the abundance maps (fully constrained) and the mean spectra were created based on pixels in
the labeled image that had a high correlation in the abundance maps. Scale bar 10 µm.

Additionally, the user must find the right balance between
the degree of smoothing and baseline removal since both cor-
rections can reduce the quality of the dataset when they are
applied to an extreme. The outlier removal methods are only
able to remove spectra that were collected with an oversatur-
ated detector. Contamination could lead to another type of out-
lier but removing those spectra could lead to valuable inform-
ation getting deleted.

All unmixing methods assume that there is a pixel in the
dataset that contains the pure spectrum of a compound. If this
is not the case, the algorithm will not be able to find the true
spectrum and will only extract a partially pure spectrum. Of
course, for complex samples such as biomedical tissues an
endmember may still correspond with several different com-
pounds present at roughly constant ratios. It is advised to apply
the unmixing algorithms on large datasets to increase the pos-
sibility that at some point a pure pixel will be imaged.

The unmixing algorithms are sensitive to strong fluores-
cence baselines and classify these spectra as a pure endmem-
ber because they are extremes in the dataset. The polynomial
baseline removal algorithm backcor is highly efficient, simple
and in most cases sufficient for an optimal removal. Another
algorithm, arPLS is more advanced, but can overfit a spectrum
if the parameters are selected wrongly. In our case arPLS over-
fitted the spectrum of the plaque brain tissue and removed the
sharp peak at 1085 cm−1.

Each unmixing algorithm is unique: they all try to find the
pure spectra, but with different approaches. The N-FINDR

finds reproducible endmembers but is sensitive to noisy spec-
tra and selects them as endmembers, thus the dataset should
be smoothened. VCA includes an automatic endmember spec-
trum smoothing method based on the quality of the spectra.
However, the endmember search is randomized at initiation,
so the endmembers will have a low reproducibility. PPI and
FIPPI are both extremely susceptible to noisy spectra, thus
spectral smoothing is recommended. AVmax can be compared
to N-FINDR, but it is more robust towards cosmic rays than N-
FINDR, which classified a spectrum with a cosmic ray as an
endmember. AMEE is due to its method of using spatial pixel
distribution sensitive to spectra containing zeros in the data-
set due to saturation of the CCD. In the app it is possible to
exclude such spectra from the AMEE unmixing algorithm.

Generally, it can be said that increasing the number of end-
members may result in better abundance maps with higher
chemical specificity. The algorithms might unmix pure as
well as mixed spectra as endmembers. In the former case the
unmixing will result in several endmembers with very similar
spectra. Abundance maps generated with the UCLSs method
have more unique pixel estimation scores, resulting in more
variation in the color diversity of the abundance map. The
FCLSs method scores pixels either close to 0 or 1, which is
better for classification, therefore the abundance maps have
less color variation. Increasing the number of endmembers for
samples containing mixtures, as in 3.3, will not necessarily
result in a third endmember that contains the mixture. In a
two-simplex the mixture will be situated between the two pure
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Figure 5. Screenshots of the RamanLIGHT app. (a) Spectra
pre-processing tab including smoothing, baseline correction, outlier
removal and rescaling methods. (b) The number of calculated
endmember spectra as well as algorithms can be defined on the
Endmember tab. (c) The Abundance maps tab generates abundance
maps based on the endmember spectra from a selected unmixing
method. (d) Mean spectra tab calculates the mean spectra based on
the pixels from the abundance maps that have a 95% correlation to
the endmember spectra.

compounds in vertex 1 and 2, while the third vertex will most
likely be further away from the mean of vertex 1 and 2 to form
the triangle.

The mean spectra are calculated from the classified pixels
of the abundance map, and it can correct the endmember spec-
trum if the pure pixel is a little off from the true spectrum.
It also smoothens noisy baselines of the endmember spectra
which is useful for all unmixing algorithms except for VCA,
since it automatically applies a smoothing to the endmember
spectra. In the normal mean spectra calculation, a mixed spec-
trum will be classified as a pure spectrum. To overcome this,
the mean spectra method can be refined to exclude spectra that
have a low estimation score and are not similar enough to the
endmembers.

PCA and MNF are used to reduce the dimensionality of
the spectral data but can also be used to generate abundance
maps of the PC compounds. This is beneficial for exploring
the morphology of the sample and to check if the sample con-
tains distinct spectra. Additionally, it is possible to generate a
PC coefficient plot for the Hyper-PCA. PCA is not compar-
able with the endmember unmixing methods since it may not
be as effective, and the pre-processed dataset usually contrib-
utes very little in statistical variance. The PC coefficient plots
do not resemble classical Raman spectra and are therefore not
suitable for calculating abundance maps.

Unsupervised unmixing algorithms are predestined for bio-
logical samples, since the chemical compounds do not need
to be known prior to the analysis, as it is the case for these
samples. However, biological samples are especially chal-
lenging since they can contain fluorescence compounds that
increase the spectral baseline or they are vulnerable to photo-
thermal damage if the laser power on the sample is too high.
The unsupervised classification of large Raman datasets can
also be used for generating effortlessly large learning data-
bases for neural network classifiers; however, Raman spectra
of mixtures can only be classified as one compound, but the
‘refined’ mean spectra overcomes this issue.

5. Conclusion

In this paper, we introduce RamanLIGHT as a user-friendly,
easy to use MATLAB app that makes it possible for everyone
to unmix pure spectra and reveal the abundancies in a Raman
image without deep understanding of the MATLAB coding
language and signal processing.We have compiled a collection
of pre-processing methods for smoothing, baseline correction
and rescaling of hyperspectral Raman mapping data. These
optimized spectral datasets are then analyzed by a collection
of eight unsupervised unmixing algorithms to find spectra of
pure compounds. Additionally, we have included routines that
remove unwanted spectra from the dataset that might impair
the unmixing algorithms. A guide for selecting the optimal
pre-processing strategies in the form of a flow chart or decision
tree (figure S2) can be found in the supplementary information.

We have demonstrated the capabilities of the app on hyper-
spectral images of pharmaceutical, biomedical tissue and
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polymer samples to visualize the spatial abundancies of com-
pounds, for which Raman spectroscopy is an established ana-
lysis method. Special attention was given to the option to
export all results, including pre-processed data, as well as
endmember spectra, mean spectra and labeled images within
the app for further use in MATLAB. For this work, we have
focused on the fingerprint region because it contains many
peaks that are unique for a given compound. On the other
hand, the CH2/CH3 stretch region often gives strong Raman
signals, which would enable higher acquisition speeds and
can be used for the identification and classification of cancer-
ous tissue [28, 29]. In the near future we will be testing the
app for application in the high-wavenumber range, as well as
in the low-wavenumber (THz) range. Other potential applica-
tion areas are pharmaceutical nanoparticles or environmental
microplastics trapped on a filter.

In future versions of the app, we plan to include MCR-ALS
as the ninth endmember extraction method, the possibility to
import previously determined endmembers. This will give the
user the possibility to perform the endmember search in a
region of interest and to exclude impurities or empty regions.
The app can be downloaded from theMATLAB File exchange
(https://tinyurl.com/RamanLIGHT), and we welcome sugges-
tions and feedback from our users.
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