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One of the most challenging preprocessing steps in Raman spectroscopy is the removal of cosmic spikes that
interfere with genuine Raman modes. Software packages offer built-in methods for their detection and removal,
but these are not entirely effective and/or well-documented. In this work, we propose a new algorithm called
ARCHER for cosmic spike correction, specifically designed for Hyperspectral Raman Imaging, that combines
different steps and factorizations for effective and automatic cosmic spike detection. ARCHER can also detect

saturated pixels, which must be necessarily removed after addressing any further multivariate analysis. The
algorithm was optimized using D-optimal design to set its internal parameters. The validation was double-
checked by application on different artificial images, facing several degrees of complexity to identify potential
weaknesses. Finally, the algorithm was tested against real hyperspectral images in the presence of saturated and

noisy pixels.

1. Introduction

Hyperspectral Raman spectroscopy finds widespread application
across diverse fields, including environmental monitoring [1], miner-
alogy [2], cultural heritage [3], quality control [4], food safety [5],
bioanalytics [6], and medical diagnostics [7,8], among others. This
generates a growing demand for tools that automatically remove cosmic

spikes from large datasets without requiring parameter tuning or
manual inspection.

Charge-coupled device (CCD) detectors used in Raman instruments
occasionally experience spikes caused by the unexpected impact of
cosmic particles on one or more camera pixels. This uncontrollable
process generates electrons that are detected alongside the charges
produced by Raman-scattered photons, resulting in spurious features
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that overlap with chemically significant vibrational modes [9]. These
artifacts, commonly called “cosmic spikes” or “cosmic rays,” have spe-
cific characteristics that affect the Raman spectrum. However, the
detection can be challenging depending on the nature of the Raman
peaks and the spikes in the spectrum. Generally, cosmic spikes exhibit a
narrow peak width and are often the highest-intensity peaks in the
spectrum [10]. Another notable feature is that it is rare to encounter
more than one cosmic spike in a single spectrum.

Preprocessing the data is essential before conducting multivariate
analysis on a collection of Raman spectra. This includes steps like
baseline correction, smoothing, or adjusting for additive or multiplica-
tive scattering effects, among others, to ensure meaningful results.
However, these preprocessing techniques or the subsequent multivariate
data analysis cannot be effective if artifacts such as null-intensity
spectra, saturation, or cosmic spikes are not identified and addressed
beforehand [11].

The literature provides several methods for handling cosmic spikes.
Some focus on individual spectra, while others use multiple spectra.
These techniques include polynomial filters [12], Nearest Neighbor
methods [13], moving windows [14], outlier detection in intensity
distributions [15], spike detection based on the prominence and width
of peaks [16], wavelet transforms [17-19], Z-score calculations on the
spectrum’s first derivative [10], 2D Laplacian filtering for hyperspectral
data [20], and convolutional neural networks [21]. Some methods, such
as smoothing, can introduce distortion or spectral information loss,
depending on parameters like the polynomial order or the window size.
Other techniques rely on spectral similarity within a dataset, which
limits their applicability in specific scenarios.

In addition to these methods, certain measures can be taken during
acquisition, such as reducing the laser exposure time to minimize the
likelihood of cosmic spikes. However, this is impractical for many ap-
plications, such as those involving biological samples requiring long
acquisition times [22]. Alternatively, multiple accumulations can be
recorded. Since it is highly unlikely for a cosmic spike to hit the same
CCD pixel in repeated acquisitions, accumulations at the same point or
in a small region of the sample can be compared to detect dissimilarities
at each wavenumber [9]. However, this approach is often not feasible
due to the additional acquisition time required, particularly for hyper-
spectral Raman images.

Hyperspectral images, which often contain thousands of spectra,
exemplify such datasets where traditional methodologies may struggle
due to pixel heterogeneity. Hyperspectral images span multiple spectral
windows, such as ultraviolet-visible, Raman, fluorescence, or near and
mid-infrared, depending on how electromagnetic radiation interacts
with the sample. The resulting data form a three-dimensional array,
where two dimensions represent spatial information (X-Y pixels), and
the third captures the spectral signature for each pixel [23]. Given the
immense volume of data points and their complexity, multivariate
analysis is indispensable for extracting meaningful insight [24].

This study aims at introducing a novel, fast, and fully automated
algorithm for cosmic spike correction in Raman hyperspectral images.
The algorithm uses a decision-driven approach that incorporates simple
yet effective operations, including derivatives, Principal Component
Analysis (PCA), and peak width assessment. These techniques enable the
identification of wavenumbers that are supposed to contain cosmic ray
artifacts and their automatic correction without supervision. Unlike
other open-source tools [22,25-27], the main novelty of this algorithm
lies in the use of the spatial distribution of pixels within the image.
Therefore, this algorithm is specifically designed for Raman maps of
relatively large areas.

The optimization of the algorithm was supported by Design of Ex-
periments (DoE). The algorithm was tested iteratively, modifying its
internal parameters at each iteration and finally selecting the optimal
values that maximize the performance of the algorithm. For this pur-
pose, a standardized hyperspectral image of pyrite (FeSz), a mineral
with well-characterized Raman modes [28], was used. Fresh pyrite
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typically exhibits three vibrational modes, although additional features
may appear when it is weathered [2,11]. The image was first analyzed
for cosmic spikes using a specialized function in popular commercial
software, with the results validated by experienced Raman specialists.
Moreover, artificial hyperspectral images containing randomly induced
cosmic spikes were created for validation. Finally, the performance of
the algorithm was further tested by applying it to real hyperspectral
images and evaluating the effect on images that had undergone prior
preprocessing.

2. Materials and methods
2.1. Instrumentation

Raman maps were acquired using an inVia Qontor™ confocal Raman
spectrometer (Renishaw, UK), equipped with a Renishaw 588v43 CCD
detector, 1800 lines/mm (vis) grating edge filter for the excitation beam
laser at 532 nm and slit opening 65 pm. The spectrometer was calibrated
using the 520.5 cm ™! line of a standard monocrystalline silicon wafer.

2.2. Software and computer system

The algorithm was developed in MATLAB R2022b (The Mathworks
SA. MA. USA) and tested in Windows 11 Home 64-Bit system (AMD
Ryzen 7 3700U CPU with 8 GB RAM). Spectra were acquired with Wire
Software (Renishaw, UK) and then exported to MATLAB by using an in-
house script.

2.3. Samples and acquisition parameters

First, to optimize ARCHER internal parameters, a standardized pyrite
crystal widely studied and well characterized was analyzed with the
Raman spectrometer at 10 % power reduced by a neutral filter, with an
exposure time of 5 s and 3 accumulations per spectrum. With these
acquisition parameters, a Raman image of 2860 pixels (52 x 55) was
generated.

In order to compare ARCHER with commercially available solutions,
cosmic spikes of that image were initially identified by using the Nearest
Neighbor algorithm included in the cosmic ray detection function of the
Wire software, with a scaling factor of 10 for noise level, 50 % for
spectrum height and a minimum correlation required for auto reject-test
of 0.30. The list of cosmic spikes found with these parameters was
carefully examined by expert users, discarding false positives.

To validate the performance of ARCHER, Raman spectra of two
different pyrite samples were used. The first one is a fresh pyrite sample
from Huanzala mine (Pert) and the second sample is a weathered pyrite
sample from Morfasso (Italy). These samples were carefully selected to
validate the algorithm for their relevant characteristics. The pyrite from
Pert is highly homogeneous and the quality of the spectra is similar.
Nevertheless, the complexity of the spectra increases in the second
sample, where it is partially weathered (pyrite from Italy), heteroge-
neous and the contribution of the background is somehow relevant. A
total of 4 spectra were acquired from each sample at 50 % power
reduced by a neutral filter (exposure time 0.5 s, three accumulations per
spectrum). These spectra were subsequently used to create artificial
hyperspectral images generated by means of in-house scripts. In each
image, cosmic spikes were generated at random pixels and wavenumber
positions. In addition, random noise was introduced at each pixel. The
images generated were 100 x 100 pixels in all cases.

Finally, to test the algorithm, an additional set of real hyperspectral
images was collected. A total of 15 images were acquired from several
pyrite samples (Val Trebbia, Italy) at 5 % power reduced by a neutral
filter (exposure time 0.5 s, three accumulations per spectrum). All these
images were ensembled at once, using a spatial mask to differentiate
between samples. The dimensions of the resulting image were 185 x
185. Moreover, a deeply weathered pyrite sample (Velleia Romana,
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Fig. 1. Scheme of the algorithm. Cosmic spikes identified after steps 3 and 7 are corrected by interpolation.

Italy) was analyzed at 5 % power reduced by a neutral filter (exposure
time 1 s, two accumulations per spectrum). The dimensions of the
resulting image were 126 x 143.

3. Description of the algorithm

ARCHER comprises multiple steps applied to each pixel of the image,
as shown in Fig. 1. These are extensively described in the following
paragraphs:

Preliminary step. Several preliminary operations are performed to
prepare the dataset and ensure the optimal performance of ARCHER.
These include window interpolation, based on neighboring frequencies
to correct missing values, and unfolding of the hyperspectral image. If a
spatial mask is loaded when calling the main function, only the pixels
belonging to the regions of interest (Rols) are extracted and considered
in subsequent steps.

Step 1. The second derivative is calculated, with focus placed on the
peak position at the minimum value of the processed spectrum. Since a
cosmic spike is a particular feature appearing at unique frequencies and
pixels, all those peak positions that are identical across multiple pixels
are automatically excluded. This saves computational time by only
focusing on unique features under the hypothesis that, if the same peak
position is common for several pixels, it is probably a real Raman mode
and not a cosmic spike. However, this filter alone is insufficient for
detecting cosmic spikes, as peak shifting is a relevant factor in most real
samples. Therefore, this step serves as an initial selection of potential
candidates for being a cosmic spike, which are labeled unique, as shown
in Fig. 1.

Step 2. For each unique candidate pixel after Step 1, a temporary
matrix is created, with number of rows equal to the number of total
pixels in the image. The columns contain the intensities within a five-
point spectral window for each pixel. Hence, the third column always
corresponds to the intensity of each pixel at the exact wavenumber
where the minimum occurs after applying the second derivative to the
considered unique pixel during Step 1. Afterwards, PCA is performed
over each temporary matrix, comparing the scores of the unique candi-
date pixel to those of the other pixels. Loadings are automatically
analyzed to detect which one is associated with the potential cosmic
spike. Only the first three principal components are taken into account,
since it is expected that the spiked signals contribute to a larger extent in
terms of variance. Once the appropriate principal component is detec-
ted, pixels with scores either below or above a certain internal param-
eter, called scores threshold, are counted. This approach makes it possible
to determine whether other pixels share that unique feature (counts > 0)
or if it is exclusive to the candidate pixel (counts = 0). At this point, only
features exclusive to the unique candidate pixel are subjected to Step 3.
However, the remaining unique pixels with counts greater than 0 are not
yet discarded. Instead, they are labeled as suspicious and directly

subjected to Step 5.

Step 3. One of the characteristics of cosmic spikes is their narrow full
width at half maximum (FWHM), which is estimated here for each
candidate spike at this step. Spikes with a FWHM below an internal
parameter called fwhm threshold are considered cosmic spikes.
Conversely, peaks above that threshold are discarded and subjected to
Step 4.

Step 4. This step aims to modify certain pixels of the image before
proceeding with the remaining ARCHER steps. These include pixels
considered not unique after Step 1 as well as those discarded after Step 3.
For each of these pixels, peaks previously considered as potential cosmic
spikes are reshaped by means of interpolation, so that they are tempo-
rarily removed. This step is based on an internal parameter called
interpolation window. This is an odd number and refers to the number of
spectral points being interpolated. Conversely, peaks considered suspi-
cious after Step 2 are not subjected to Step 4, as they are still regarded as
potential cosmic spikes. This is due to the fact that the performance of
Step 2 is influenced by the scores threshold parameter. After temporarily
removing peaks from certain pixels, a new PCA may yield slightly
different results for these suspicious peaks.

Step 5 to 7. In these steps, the same procedure as in steps from 1 to 3
is performed but using the matrix corrected after Step 4., i.e. calculation
of second derivative, application of PCA and FWHM estimation. How-
ever, after Step 5, not unique features are ultimately discarded as cosmic
spikes. The same applies to pixels with counts greater than 0 or to spikes
with an FWHM above the threshold parameters after Steps 6 and 7,
respectively. There are two reasons for performing the same operations
as described in steps 1 to 3. The first one is the re-evaluation of the
suspicious peaks after Step 2. The second is the fact that a cosmic spike
might not be the most intense peak of a spectrum, thus not being
detected at first attempt after Step 1.

Output. ARCHER is complemented by a set of MATLAB functions
designed to reduce the list of cosmic spikes by minimizing false positives
(pixels without cosmic spikes that are incorrectly detected as containing
cosmic spikes). These operations are based on three parameters used to
detect noisy and saturated pixels, labeled as noisy window, noisy threshold
and false positive threshold. In these operations, the characteristic fea-
tures of saturated pixels and spectral noise are considered to distinguish
them from cosmic spikes. Nevertheless, correcting a peak that was
wrongly identified as a cosmic spike does not affect the quality of sub-
sequent multivariate analysis: saturated pixels must be omitted anyway
and the correction of a noisy spectrum with no usable Raman informa-
tion is not relevant. Finally, the correction of the final list of cosmic
spikes is performed by interpolation based on a specific window size
imposed as the last internal parameter, labeled as correction window.

The complete library, consisting of a collection of MATLAB func-
tions, is available for download upon request at https://www.hypert
ools.org/ and it is already included in the latest version of HYPER-
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Table 1

Experimental domain of the internal parameters subjected to optimization.
Parameter n° Label Step Involved Settings
1 scores threshold 2 from 50 to 95
2 fwhm threshold 3 from 1 to 7
3 interpolation window 4 5,7 or 9
4 scores threshold 6 from 50 to 95
5 fwhm threshold 7 from 1 to7
6 noisy window output 5o0r7
7 noisy threshold output from 0.01 to 2
8 correction window output 5,7o0r9
9 false positive threshold output from 0.5 to 3

2*2

7

5*5

4*4

-0.4 -0.2 0 0.2 0.4 0.6 0.8

Standardized coefficients

Fig. 2. Standardized coefficients (for sensitivity response) of individual (blue)
and quadratic (red) terms and intervals of confidence at 95%. Only the 7
calculated terms with the highest coefficients in absolute value are shown.

Tools [24,29]. This approach works also on data matrices and therefore
it can be applied either in hyperspectral Raman images or any set of
Raman measurements.

4. Results and discussion
4.1. Optimization of the algorithm

First, the standardized pyrite image was checked with Wire software,
and a total of 25 cosmic spikes were identified. However, after visual
evaluation, 5 out of 25 were designed as false positives. Afterwards,
during a manual inspection of all the spectra, another 4 cosmic spikes
not previously identified with the imposed detection parameters in Wire
software were found. The presence of these total 24 cosmic spikes in the
dataset was corroborated by expert users due to the characteristic shape,
width and intensity of the peaks, which were undoubtedly no Raman
modes, regarding the well-known characteristics of the material
analyzed.

A design of experiment (DoE) approach was used for the optimiza-
tion of ARCHER, which requires the setting of 9 internal parameters,
including thresholds, which are necessary for the automatic decision-
making process, and window sizes, which are related to the number of
points selected during intermediate operations. In the latter case, only
discrete values are possible, so they were considered qualitative factors.
Conversely, thresholds were considered as quantitative factors and the
explored experimental domain (Table 1) was based on preliminary tests
of the algorithm. We used a D-optimal design constituted by 216
experimental points, including central points.

For each experimental point, we measured sensitivity (SN) and false
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Fig. 3. Standardized coefficients (for false positives response) of individual
(blue), interaction (green) and quadratic (red) terms and intervals of confidence
at 95%. Only the 6 calculated terms with the highest coefficients in absolute
value are shown.

positives (FP) and considered these as the two responses to be modelled
in the DoE approach. SN provides an estimate of the algorithm’s ability
to detect cosmic spikes; it corresponds to the ratio of true positives (TP,
the number of cosmic spikes correctly identified) over the sum of TP and
false negatives (FN), which is the number of cosmic spikes incorrectly
identified as normal spikes. On the other hand, FP is the number of
normal spikes incorrectly identified as cosmic spikes. Specificity and
true negatives (TN), which is the number of normal spikes correctly
identified, were not taken into account, since in large datasets with
significant numbers of spectra without cosmic spikes, these tend to be
significantly higher than FP. In the Supplementary Table, values of TP,
FN, FP and TN are reported for the 216 experimental runs. The average
computing time of ARCHER for this image was 2.06 s.

Partial Least Squares (PLS) regression was calculated to establish a
relationship between factors and the two responses and to estimate the
effects of ARCHER internal parameters for detecting cosmic spikes.
Coefficients of each factor were calculated, including interactions and
quadratic terms. Coefficients of the 7 more relevant terms for SN are
provided in Fig. 2. The ability to detect cosmic spikes is positively
influenced by internal parameters 2 and 5, which correspond to the
fwhm thresholds applied during Steps 3 and 7, respectively. Conversely,
other quadratic terms and internal parameter 9 (false positive threshold)
negatively affect the detection ability. This parameter plays a role in the
additional operations related to the ARCHER output, and its negative
coefficient is explained by the fact that high thresholds may result in the
loss of correctly identified cosmic spikes. The optimal combination of
internal parameters was found by maximizing SN and minimizing false
positives. However, priority was given to the detection of as many
cosmic spikes as possible, considering that the aim is the automatic
implementation of the algorithm. In the supplementary material, Fig. S1
shows the DoE surface response plot for internal parameters 2 and 5,
with regions colored according to SN predicted values based on the
regression model coefficients.

Although during optimization preference was given to maximize SN,
interesting information can be also achieved when looking at effects of
internal parameters over the number of false positives. Coefficients of
the more relevant terms for false positives are shown in Fig. 3. The
interaction between internal parameters 2, 5, and 9 appears to impact
the number of false positives negatively. Moreover, internal parameters
4 and 7 positively affect this response. Fig. S2 shows surface response
plots of internal parameter 2 vs. internal parameter 5 when factor 9 is
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Fig. 4. (a) Spectra used as reference and (b) spatial distribution of those reference spectra. Each pixel of the image was randomly altered with +£0.1 % of noise.

fixed to 0.50, 1.75 or 3.00. As can be seen, if the objective would be to
minimize the number of false positives, factor 9 should be set to 3,
meanwhile factor 2 should be set as low as possible, factor 5 should be
set as high as possible.

Therefore, considering the information generated during this opti-
mization stage, the internal parameters of ARCHER were set to 95, 7, 7,
50, 5.75, 5, 2, 5, and 1.75 for parameters 1 to 9, respectively. With these
parameters, a SN of 0.95 was achieved (23 out of 24 cosmic spikes were
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4.2. Validation of the algorithm

After optimization of internal parameters, ARCHER was validated
using artificially created hyperspectral images:

Artificial images of pyrite from Huanzala mine, Pert. The four
spectra used to artificially create a hyperspectral image, and their spatial
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Fig. 5. (a) Spectra used as reference and (b) spatial distribution of those reference spectra. Each pixel of the image was randomly altered with +0.1 up to 2 %

of noise.
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Table 2

Spectrochimica Acta Part A: Molecular and Biomolecular Spectroscopy 336 (2025) 126041

Application of the algorithm on the same image after different processing operations. The number of cosmic spikes detected in each case is presented in the last column,
along with the number of true positives (TP), false positives (FP), false negatives (FN), true negatives (TN) and the computational time required.

Image Baseline Smoothing SNV Detected TP FP FN N Time (s)
1 - - - 9 8 1 4 22,763 23.92
2 v - - 10 8 2 4 22,762 23.18
3 - v - 1 1 0 11 22,764 18.01
4 - - v 549 8 541 4 22,223 23.52
5 v 4 - 1 1 0 11 22,764 17.64
6 v - v 520 7 513 5 22,251 24.03
7 v v 50 0 50 12 22,714 18.93
8 v v v 61 0 61 12 22,703 19.06

distributions are shown in Fig. 4 (a) and (b), respectively. Random noise
was added to each pixel in the image. To do this, the intensity of each
spectrum at each peak position was randomly increased or decreased up
to 0.1 % of its initial value. Starting from this generated hyperspectral
image, a collection of four new images were subsequently produced by
adding 10 cosmic spikes in each one. The difference between these
images is the intensity of these artificial cosmic spikes, which were 30 %
higher, 10 % higher, 10 % lower and 30 % lower, respectively, than the
peak of maximum intensity of the spectrum where cosmic spikes were
allocated. In order to compare the efficiency of the algorithm with
respect to the relative intensity of the cosmic spikes, these were
distributed in the same pixels and peak position, although initial selec-
tion of pixels was randomly chosen.

After applying ARCHER, no false positives were detected. However,
all 10 cosmic spikes were successfully detected (SN = 1) only in the cases
where spikes were 30 % higher, 10 % higher and 10 % lower than the
most intense peak. When cosmic spikes were 30 % lower, 9 out of 10
cosmic spikes were detected (SN = 0.9). The spectrum containing the
not detected cosmic spike is shown in Fig. S3. This spike was not
detected after step 2. The average computing time of ARCHER was 5.92
s.

Artificial images of pyrite from Morfasso, Italy. In this case, two
different artificial images were created, with a total of 20 cosmic spikes
each. The four spectra used to create the images, which are the same in
both cases, as well as their spatial distribution are shown in Fig. 5 (a) and
(b), respectively. Random noise was also added to each pixel in the
image, but in this case the intensity at each peak position was increased
or decreased randomly between 0.1 and 2 % of its initial value, repli-
cating situations where noise plays an important role. The intensity of
cosmic spikes was in all cases 30 % higher than the most intense peak of
the spectrum. In this case, pixels and peak position of the cosmic spikes,
which were again randomly selected, were different for the two images.

In the first of the artificial hyperspectral images, 18 out of 20 cosmic
spikes were detected (SN = 0.9), while the number of FP was equal to 1.
Cosmic spikes not detected, i.e., FN, are shown in Fig. S4. FN were

Elemental sulfur reference spectrum

Pyrite reference spectrum

actually detected as cosmic spikes after two iterations, but then dis-
carded as noisy spectra during steps 8 to 12. The average computing
time of ARCHER for this image was 6.68 s.

In the second hyperspectral image, 16 out of 20 cosmic spikes were
detected (4 FN, SN = 0.8), being the number of FP equal to 3. FN are
shown in Fig. S4. Also in this image, FN were discarded for being
considered noisy spectra. The average computing time of ARCHER for
this image was 7.35 s.

4.3. Application on real hyperspectral images

After validating the optimal internal parameters of ARCHER using
the images with artificial cosmic spikes, ARCHER was tested against two
real hyperspectral images with the same combination of parameters, as
they represent a good trade-off when addressing situations such as
cosmic spikes not being the most intense peaks or when noisy spectra are
affected by cosmic spikes. The first hyperspectral image undergone
different processing operations to test how the output changes with
respect to a situation where the image has not been processed before
applying ARCHER. The second hyperspectral image was used to test the
algorithm when other artifacts, such as saturated pixels, have not been
removed before looking for cosmic spikes.

Hyperspectral Image of pyrite Val Trebbia, Italy. This hyper-
spectral image, which is a collage made of smaller hyperspectral images
acquired from 15 different pyrite samples, was preprocessed with
different operations before applying the algorithm for cosmic spikes
detection. These operations were baseline correction (each spectrum
adapted to an asymmetric truncated quadratic cost-function of order 8
and a threshold of 0.1), smoothing (Savitzky-Golay, polynomial degree
of 2 and a 15 points windows) and standard normal variate (SNV). In
some cases, only a single preprocessing was performed, while in other
cases a combination of preprocessing was carried out, as listed in
Table 2.

The number of cosmic spikes detected depends on the processing
operations performed on the dataset. To evaluate the output of the
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d e 1

> 0.8

G

S

£ 06 b

k]

ﬁ a

=04

E

(=]

Z 02 e
U . $

1t b 1 1
2087 >08
;
£06a £067
k] e}

8 8
= 0.4 = 04t
E E
(=] [}
Z0.2 Z02¢t
c f
of 0

0

PO PO PSS
@ LS S S

© O © O O & O
b) @ S S P

O O O © OO O
© PSP P

Fig. 6. From left to the right, sulfur reference spectrum, pyrite reference spectrum and spectrum where the cosmic spike (highlighted in red) has been detected.



E.C. Munoz et al.

Table 3

Distribution of the cosmic spikes detected when different number of points per
window are selected during the smoothing of the image. True positives (TP) and
false positives (FP) numbers are reported for each combination of parameters
tested.

Window Detected TP FP
3 9 8 1

5 12 9 3

7 6 6 0
11 198 0 198
13 257 0 257
15 289 0 289

algorithm when no preprocessing operations have been performed, all
pixels detected as cosmic spikes were manually checked. In total, 8 out
of 9 were considered as real cosmic spikes after evaluation, while the
only false positive was due to the high amount of noise of the pixel, as
shown in Fig. S5.

The proposed algorithm demonstrated a good detection ability, also
when cosmic spikes close to real Raman modes could be confounded, as
shown in Fig. 6: the spectrum is a combination between Raman modes of
pyrite and elemental sulfur, which is one of their weathering products
[2], as it can be seen in the two reference spectra (Fig. 6a and b). The
cosmic spike successfully detected was overlapping one of the Raman
modes of pyrite.

Similar results were obtained when the hyperspectral image was
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baseline corrected, with just one more false positive. Apparently, base-
line correction does not interfere with the performance of the algorithm.
However, when the hyperspectral images were smoothed, only one
cosmic spike was found. To better understand the effect of smoothing on
the performance of the algorithm, the image was processed again with
different window points (Table 3). As can be observed, the results were
very different depending on the number of points where smoothing was
applied iteratively. When a 3-point window was applied, the results
were exactly the same as when no processing was applied, while with a
5-point window, more cosmic spikes were found, only 9 being true
cosmic spikes (of which 1 has not been found when directly applying the
algorithm on the raw data). With a 7-point window, less cosmic spikes
were found, but all of them were true cosmic spikes. Only false positives
were obtained for windows constituted by a higher number of points.
Therefore, applying smoothing before using the algorithm is not rec-
ommended, although in this particular dataset, a 5-point window leads
to new cosmic spikes not previously detected.

Finally, scaling the data with SNV, either alone or in combination
with other processing operations, is not recommended prior to using the
algorithm for cosmic spike detection, as it results in the detection of
numerous false cosmic spikes.

Hyperspectral Image of pyrite Velleia Romana, Italy. The algo-
rithm was applied to this hyperspectral image with no artifact correction
or processing operations. The results are shown in Fig. 7 (a). Initially,
some cosmic spikes were detected along with pixels containing saturated
spectra. After analyzing the information provided by ARCHER on likely
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Fig. 7. (a) Results after direct application of the algorithm to the raw image and (b) after removing saturated and noisy pixels.
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saturated and noisy pixels, a spatial mask was created to exclude those
pixels prior to application of the algorithm. As it can be seen in Fig. 7 (b),
only cosmic spikes were identified. Hence, ARCHER demonstrated its
capacity not only for detecting cosmic spikes, but also for detecting
saturated and highly noisy pixels. The elimination of these artifacts by
using spatial mask or by averaging the neighboring pixels is necessary
not just for cosmic spikes detection, but for any subsequent multivariate
analysis if reliable results are desired.

5. Conclusions

This study presents an effective novel algorithm (ARCHER) for cos-
mic spike correction in hyperspectral images based on simple but
effective concepts. Design of Experiments was used to optimize the in-
ternal parameters against a real Raman hyperspectral image in which
cosmic spikes were perfectly identified and located. The information
derived from the regression model was used to understand how the
different internal parameters affect the performance, finally finding the
optimal values for those parameters that maximize the number of true
cosmic spikes identified rather than reducing the number of false posi-
tives. To validate the combination of optimized parameters and to see if
they can be generally applied, artificial images were created, trying to
analyze to possible situations.

The performance of ARCHER was evaluated about the relative in-
tensity of the peaks, yielding satisfactory results when the intensity of
cosmic spikes is at least 10 % lower than the most intense peak of the
spectrum. In the image where the intensity of the artificial cosmic spikes
was 30 % lower, only 1 was not detected during step 2. In addition, it
was validated against 2 artificial images in which noise plays an
important role, being the lowest SN achieved equal to 0.8, which is
satisfactory considering the complexity of the images analyzed. Finally,
ARCHER was tested against real hyperspectral images, evaluating how a
previous processing step affects the performance of the algorithm, as
well as the importance of removing noisy or saturated pixels before the
analysis. Nonetheless, ARCHER can also be used for saturated pixels’
detection as a preliminary filter, which is of great help when dealing
with large datasets.

The algorithm can be used as a fast and efficient filter for cosmic
spike detection, and it will be made available for free upon request as a
collection of MATLAB functions. In the future, internal routines could be
included for automatically tuning internal parameters to deal with
hyperspectral images of any type, if a more accurate output is required
at the price of increased computation time.
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