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Abstract 
Noise filtering is considered a crucial step for the proper interpretation of Raman 
spectra. In this work, we present a new denoising procedure which enhances the Raman 
information while reducing unwanted contributions from the most frequent noise 
sources, i.e. the shot noise and the fluorescence’s baseline. The procedure increases the 
signal-to-noise ratio while preserving simultaneously the shapes, positions and intensity 
ratios of the Raman bands. The method relies on cubic p-spline fitting and mathematical 
morphology, and requires no user input. We describe the details of this method and 
include a benchmark to study the performance of the presented approach compared to 
the most commonly used denoising techniques. The method has been successfully 
applied to improve the signal quality of Raman spectra from artistic pigments. The 
reliable results that were obtained make the methodology a useful tool to help the 
analyst in the interpretation of Raman spectra from pigments in art works. 
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Introduction 
Raman spectroscopy is extensively used to analyze the composition and structure of a 
wide range of organic and inorganic materials in a non-destructive fashion. A Raman 
spectrum may provide valuable information about the analysed sample. Nonetheless, 
the quality of this information may be compromised due to the presence of interfering 
or unwanted signals. Broadly speaking a Raman spectrum can be divided into two parts: 
the useful signal and the noise1. In our case, the useful signal is the Raman information, 
which can be seen as a fingerprint signal in the form of a specific combination of peaks 
–the Raman bands– by which the analyzed material can be unequivocally identified. In 
contrast, the noise is the part of the Raman spectrum that comes from undesired sources, 
which thus can adversely affect the interpretation of the analyzed sample. 
 
The most commonly found sources of noise in Raman spectroscopy are shot noise and 
fluorescence’s baseline: the shot noise is an unavoidable noise source caused by the 
statistical nature of light, which may compromise the analysis of a Raman spectrum; the 
fluorescence’s baseline is sample-inherent usually of higher amplitude than the Raman 
information that can thus mask the Raman bands. Therefore, the noise impact should be 



reduced –i.e. filtered– before performing further analyses (whether through visual 
inspection or automated methodologies) in order to accomplish a proper interpretation 
of a Raman spectrum. 
 
There is no single strategy for noise filtering in Raman spectroscopy. Several methods 
have been proposed to enhance the Raman information2-24.The most frequently used 
methods are software procedures, which do not require to upgrade the existing 
instrumentation. Such procedures are generally dedicated to filter one kind of noises 
separately, i.e. or shot noise or fluorescence’s baseline. For instance, to reduce the shot 
noise the simplest procedure is the median filter, whilst to remove the fluorescence’s 
baseline the simplest and widest used method is the polynomial fitting. The basic 
version of such methods involves user intervention in order to select appropriate key 
parameters, and this selection process is usually time consuming. For instance, choosing 
which Raman shifts belong to noise sources in non-Raman characteristic band regions 
or which ones belong to Raman characteristic band regions is a critical point, which 
may introduce subjectivity depending on the analysts' experience. Thus, several 
methods have been developed in the last decade in order to avoid any user intervention. 
Generally, such methods are based on iterative solutions. Though these methods may 
provide successful results, they treat one kind of noise at a time and due to the high 
nonlinearity and complexity of a Raman spectrum they may not well smooth it or reject 
its fluorescence’s baseline. As an alternative, the fully-automated noise filtering 
approach developed in this research pursues a twofold objective: the shot noise 
reduction and the fluorescence’s baseline removal. 
 
In this respect, this paper introduces a new and simple procedure to reduce the shot 
noise and to remove the fluorescence’s baseline simultaneously with a single strategy, 
which is independent of the Raman spectrum to be filtered. The underlying principle of 
this novel approach is based on the different “shapes” shown by the shot noise and the 
fluorescence’s baseline in a Raman spectrum: the shot noise may be seen as an intensity 
fluctuation (rapid variation), whilst the shape of the fluorescence background is shown 
as a soft drifting baseline (slow variation). In this regard, the method uses mathematical 
morphology operations, which simplify and preserve the main features of the shapes, 
jointly with cubic penalized spline fitting for smoothing and baseline-removal of Raman 
spectra in a unified way. No parameter tweaking is needed and therefore no user 
intervention is required. The method was developed as an application-specific algorithm 
which improves the signal-to-noise ratio tackling at the same time both shot noise and 
baseline rejection, preserving the shapes, positions and intensity ratios of the Raman 
bands. 
 
In particular, the denoising methodology developed in the current work has been 
successfully applied to the analysis of works of art. There is a large international 
consensus that cultural heritage must be conserved and preserved for future 
generations25-29. Hence, a thorough knowledge of the pigments present in an art work is 
absolutely essential to gain insight into the materials composition and deterioration 
mechanisms in order to apply optimum restoration and conservation methodologies30-33. 
In this sense, the Raman spectra of artistic pigments are specific to the vibrational 
modes of the molecules of an analyzed work of art, property that gives to Raman 
spectroscopy a large potential for identifying pigments. Nevertheless, pollutants and 
other environmental factors, as well as interferences from the binding media and to 
aging, may have a direct impact on the quality of the Raman signal34-37, which 



contributes to the difficulties in identifying pigments by Raman spectroscopy in the 
form of noise. An appropriate signal treatment expands the capabilities of the technique 
to non-invasively identify and quantify the chemical composition of paint layers in art 
works. 
 
The methodology presented here describes the core principles of the proposed approach 
for noise filtering. Then, we present a benchmark for the evaluation and comparison of 
the performance of the proposed filter and the most widely used noise filtering 
techniques using simulated spectra. Finally, the results are discussed and evaluated for 
real-case examples. 
 
 
Methodology 
Noise is an intrinsic factor in Raman spectroscopy and negatively affects the Raman 
information. Accordingly, noise filtering is a preliminary process decisive in the 
analysis of Raman spectra. In this regard, a filter methodology is proposed which 
broadly speaking is based on a curve fitting technique intended to obtain an improved 
signal-to-noise ratio (SNR), making the Raman spectra easier to interpret. 
 
The use of piecewise polynomials to model regression functions and perform curve 
fitting has a long history38-44. In smoothing, the location of the points, or knots, in which 
the polynomial pieces are joined are arbitrary which permits a very large class of 
possible fits. A widely used fit is based on splines45-48, which are piecewise-defined by 
polynomial functions. Penalized splines (or p-splines)49 are a very popular spline fitting 
approach, which has the following properties: efficient computation, flexibility, and 
ease of setup50. P-splines are regression splines fit by least-squares with a roughness 
penalty which avoids overfitting46. According to51, the optimal degree of this 
piecewise polynomial regression is 3, which generates the so-called cubic p-splines. 
The smoothness of the estimate varies as a function of the smoothing parameter, λ: 
the larger the smoothing parameter, the more the fit minimizes towards a polynomial 
fit, which in turn allows the estimate to deal with data gaps49. In our research, the λ-
parameter was selected to be small enough so as to keep the estimates smooth and its 
value was fixed to 0.7. This constant value provides a good compromise between 
smoothness and polynomial fit regardless of the input spectra, whether simulated or 
experimental. 
 
The choice of knots has been a subject of much research52,53. Equidistant knots can be 
used, but this allows only limited control over the fit. Instead, a smart knots selection is 
preferred so in the case noise filtering of Raman spectra the presence of noise is 
optimally reduced whilst the shape and positions of the Raman bands remain unaltered. 
This may be achieved through a strategic selection of knots according to the shape of 
the input data. To do so, the usage of mathematical morphology operations is proposed 
in the current work. 
 
Mathematical morphology is a nonlinear technique based on classical set theory54,55. It 
finds application in many different research fields as it only involves the definition of 
sets of data taking advantage of the properties of those sets56,57. In particular, it is 
predominantly useful in fields in which the shape is the most important feature. 
Morphological operations transform the original function into another function looking 
for geometric structures (i.e. shapes) using the structuring element whose shape is 



chosen according to the “morphology” of the function and the special structures to be 
extracted. Choosing a suitable structuring element, we can use the information extracted 
from morphological operations to generate the knots sequences to be used in the cubic 
p-splines fitting to filter a noisy Raman spectrum. There are two basics operations in 
mathematical morphology, called erosion and dilation and the combination of such 
operations provides two more operators named closing and opening. The morphological 
closing of a function f by a structuring element Y, 𝜙𝜙Y(f), is described mathematically as 
𝜙𝜙𝑌𝑌(𝑓𝑓) = 𝜀𝜀𝑌𝑌[𝛿𝛿𝑌𝑌(𝑓𝑓)] , being 𝜀𝜀𝑌𝑌(𝑓𝑓)(𝑥𝑥) = 𝑚𝑚𝑚𝑚𝑚𝑚

𝑠𝑠𝑠𝑠𝑠𝑠
𝑓𝑓(𝑥𝑥 + 𝑠𝑠)  the erosion and 𝛿𝛿𝑌𝑌(𝑓𝑓)(𝑥𝑥) =

𝑚𝑚𝑚𝑚𝑚𝑚
𝑠𝑠𝑠𝑠𝑠𝑠

𝑓𝑓(𝑥𝑥 + 𝑠𝑠) the dilation of the function. The closing smoothes the function nonlinearly 
removing holes and connecting nearby items thus taking always values that are higher 
or equal than those of the input function. Hence, the closing by a short structuring 
element may provide a rough estimation the shape of the Raman bands. In this case, this 
short structuring element, Ymin, is defined so that the closing can take into account any 
Raman band, and therefore fixed to three data points. The resulting closing is modified 
to further reduce the shot noise influence as 𝜙𝜙′

𝑌𝑌𝑌𝑌𝑌𝑌𝑌𝑌(𝑓𝑓) = 𝜙𝜙𝑌𝑌𝑌𝑌𝑌𝑌𝑌𝑌(𝑓𝑓) ∉𝜀𝜀𝑌𝑌𝑌𝑌𝑌𝑌𝑌𝑌 (𝑓𝑓). On the 
other hand, the morphological opening of a function f by a structuring element Y, 
𝛾𝛾𝑌𝑌(𝑓𝑓) = 𝛿𝛿𝑌𝑌[𝜀𝜀𝑌𝑌(𝑓𝑓)], smoothes the input function too but differently since it removes the 
positive peaks, taking always values that are lower or equal than those of the input 
function. Hence, the opening by the optimal structuring element, Yopt, may provide a 
rough estimation of the fluorescence’s baseline. This optimal structuring element, is 
selected following a lookup procedure14: 

i) As starting point, the opening of the input spectra by the minimum 
structuring element is computed 

ii) Iteratively, the opening by an incremented length of the structuring element 
is computed for each iteration 

iii) The root mean square error (RMSE) between the resulting opening and the 
opening of the previous iteration is computed 

iv) The optimal structuring element is obtained when the RMSE gets stabilized, 
i.e. the same opening is obtained in 3 consecutive iterations 

v) The resulting opening is modified in order to reduce any flaw in the peak 
regions as 

𝛾𝛾′𝑌𝑌𝑌𝑌𝑌𝑌𝑌𝑌(𝑓𝑓) = 𝑚𝑚𝑚𝑚𝑚𝑚(𝛾𝛾𝑌𝑌𝑌𝑌𝑌𝑌𝑌𝑌(𝑓𝑓),
𝜀𝜀𝑌𝑌𝑌𝑌𝑌𝑌𝑌𝑌(𝑓𝑓) + δ𝑌𝑌𝑌𝑌𝑌𝑌𝑌𝑌(𝑓𝑓)

2
) 

 
The methodological scheme of the noise filtering presented in the current work follows 
the flowchart shown in Fig. 1. Being f a noisy Raman spectrum, a knots sequence, K1, 
is obtained from the intersection of f with the modified closing by the minimum 
structuring element, 𝜙𝜙′

𝑌𝑌𝑌𝑌𝑌𝑌𝑌𝑌(𝑓𝑓). A cubic p-spline fit of f through K1 is performed which 
provides an intermediate function, g. Then, the optimal structuring element that follows 
the morphology of the baseline in g is achieved. Next, a new knots sequence, K2, is 
obtained from the intersection of g with the modified opening by the optimal structuring 
element, 𝛾𝛾′𝑌𝑌𝑌𝑌𝑌𝑌𝑌𝑌(𝑔𝑔). A cubic p-spline fit of g through K2 provides an estimation of the 
fluorescence’s baseline, h. Finally, the denoised spectrum, d, is obtained by subtracting 
the fluorescence’s baseline estimation from the intermediate function.  
 
The morphology-based cubic p-spline fitting methodology for enhancing Raman spectra 
is graphically represented in Fig. 2, where it was applied to a measured Raman 
spectrum of a sample of a PY1 pigment powder. 
 



 
Results and Discussion 
Analysis on simulated Raman spectra 
The proposed filtering methodology was tested using simulated spectra. In this sense, a 
simulated spectrum was generated by combining a variable number of Lorentzian bands 
with random locations, amplitudes and FWHM, constrained such that it appeared 
qualitatively similar to real Raman spectra. Shot noise was simulated from a zero-mean 
Gaussian distribution and variable variance. Also, different artificial profiles were 
simulated to mimic the fluorescence’s baseline, which were selected in a heuristic way 
but similar in appearance to that of Raman spectra. In particular, four simulated profiles 
were used: polynomial, linear, sigmoidal and sinusoidal. 
 
Comparisons were performed with the here proposed filtering approach and several 
techniques in common use to filter the shot noise, such as the Wiener filter58, the 
median filter, the wavelet filter59, the FFT filter, and the fuzzy filter previously 
developed by the authors4. For the Wiener filter the noise was estimated from the ideal 
spectra, and the response function was used with no smearing. The median filter was 
run several times with window sizes ranging from 3 to 11 data points and the window 
providing the lowest RMSE between the denoised and the ideal spectra was selected. 
The wavelet filter was performed by means of the standard wavelet soft thresholding 
with default parameters. The FFT filter was run several times with rectangular filters of 
different sizes, selecting the one providing the lowest RMSE. Additionally, comparisons 
with respect to baseline rejection were carried out with the here proposed filtering 
methodology, the morphology-based filtering approach published in14 and the 
conventional polynomial approach, being the last one the most popular method in 
Raman spectroscopy for subtracting the fluorescence’s baseline. The conventional 
polynomial method was run several times selecting the polynomial degree that provided 
the lowest RMSE. 
 
Unlike the here proposed methodology, the general techniques in common use here 
tested are focused on either shot noise filtering or baseline rejection. Therefore, to 
perform a proper comparison with respect to the filtering approach presented in the 
current paper, the previously commented shot noise filtering techniques were combined 
with the baseline filters above-mentioned. In particular, 100 noisy spectra were 
simulated and the RMSE between the ideal and the filtered spectra was computed to 
compare the results of the here proposed approach and each of the combinations of a 
shot noise filtering technique with a baseline filter. The results, i.e. mean RMSE and 
standard deviation, are shown in Table 1 – the best-degree polynomial filter is 
represented as PF and the morphology-based filter14 is represented as MF. On average, 
at the noise levels tested the here presented method outperforms the combination of the 
other techniques. From the results we may also say that the proposed filter provides the 
least distortion of the Raman bands, which is very useful when the spectrum must be 
subsequently processed in order to identify the material or quantify its proportion in 
mixtures. Additional test results using simulated spectra can be found in the 
supplementary material (Fig. S1 and Fig. S2). 
 
Analysis on experimental Raman spectra 
To show the performance of the implemented methodology in realistic environments, 
we applied the developed method to Raman spectra from art works. In particular, some 
of the experimental Raman spectra used in this research were kindly provided by Nadim 



C. Scherrer from the Bern University of Applied Sciences. The experimental Raman 
spectra measured by the authors used in this work were acquired from private 
collections, and using the portable Raman equipment iHR320 with a lens of 4.5x focus 
(HORIBA Jobin-Yvon). The optical source was a He-Ne laser (632.8 nm) providing 
approximately 17 mW. The laser light was guided to the optical head by an optical fiber 
and directed to the samples. The same optical head collected the scattered light filtered 
by an edge filter. Then, it was guided to the monochromator by another optical fiber and 
detected by a thermoelectrically cooled CCD. 
 
Fig. 3 presents some real-case examples of experimental Raman spectra measured from 
works of art, for which the proposed noise filtering technique was applied. These 
Raman spectra were acquired from different art works and therefore they show different 
shot noise realisations and different shapes of fluorescence’s baseline. Specifically, the 
Raman spectrum before (in black) and after applying the proposed noise filtering 
methodology (in grey) are shown in all pictures. As it can be seen, in all the examples 
the Raman band shapes and positions were unchanged, and also their intensity ratios 
were maintained while reducing the shot noise and rejecting the baseline. Table 2 shows 
a comparative on the experimental Raman spectra presented in Fig. 3 carried out in the 
same way as for the simulated spectra. The here proposed filtering approach provided 
the highest signal-to-noise ratio compared to the combination of conventional denoising 
techniques. An example using an experimental Raman spectrum from a sample of a 
phthalocyanine blue pigment which shows very weak Raman bands is presented in Fig. 
4. As it can be seen, the Raman bands were visibly enhanced in the denoised spectrum. 
 
These figures provide a qualitative visual inspection of the performance of the noise 
filtering methodology presented in the current work. Additional figures can be found in 
the supplementary material (Fig. S3-S16). The denoising method reduced the influence 
of shot noise and removed the fluorescence’s baseline without changing the shapes or 
positions of the Raman bands, maintaining their intensity ratios. The results show the 
effectiveness of the proposed denoising methodology as a fully-automated tool, that is, 
without requiring any user input, to help the analyst in the interpretation of Raman 
spectra. 
 
 
Conclusion 
The presence of noise is an intrinsic contribution to the difficulties in the materials 
analysis by Raman spectroscopy. In the case of artistic pigment analysis, external agents 
such as pollutants or binding media among others may increase the noise impact, thus 
degrading the quality of the Raman measurements. Consequently, we have developed a 
fully-automated denoising methodology which enhances the Raman information 
helping in the interpretation of the Raman spectra. 
 
The proposed noise filtering approach uses the same novel and simple scheme for both 
shot noise reduction and fluorescence’s baseline rejection. The method yields 
satisfactory results when applied to both simulated and experimental Raman spectra, 
providing an improved signal-to-noise ratio. Specifically, the presented noise filtering 
methodology does not modify the shapes of the Raman bands and maintains their 
intensity ratios, and therefore it reduces the interferences coming from noise sources 
whilst enhancing the Raman information. The proposed denoising approach is based on 
mathematical morphology, which retrieves the morphology of the Raman information, 



and therefore does not require peak recognition or previous knowledge on the baseline 
shape. 
 
A benchmark study using simulated Raman spectra was presented providing a 
performance evaluation and comparison of the noise filtering algorithm developed in 
the current work and conventional denoising algorithms in common use. The results 
show that the presented denoising approach outperformed all other algorithms that were 
tested in both shot noise and baseline tests. The tests performed using experimental 
Raman spectra provided reliable and suitable results as well. These successful results 
were obtained despite of requiring no user intervention, as opposite to the other 
denoising techniques under test, which required some sort of user input at some point of 
the filtering process. 
 
As shown by the consistency of the results, the presented noise filtering methodology 
has great potential as an accurate fully-automated practical method to help in the 
interpretation of Raman spectra, not only for artistic pigment analysis, but essentially 
for any material group as well. 
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Tables: 
 
 Linear baseline Polynomial baseline Sigmoidal baseline Sinusoidal baseline 
Proposed filter 0.0319 ± 0.0097 0.0408 ± 0.0096 0.0230 ± 0.0070 0.0402 ± 0.0102 
PF+Wiener filter 0.0560 ± 0.0169 0.0577 ± 0.0176 0.0543 ± 0.0356 0.0768 ± 0.0326 
PF+median filter 0.0575 ± 0.0140 0.0703 ± 0.0216 0.0640 ± 0.0235 0.0806 ± 0.0310 
PF+wavelet filter 0.0503 ± 0.0087 0.0640 ± 0.0189 0.0565 ± 0.0205 0.0736 ± 0.0288 
PF+FFT filter 0.0465 ± 0.0122 0.0498 ± 0.0151 0.0470 ± 0.0137 0.0522 ± 0.0178 
PF+fuzzy filter 0.0528 ± 0.0136 0.0655 ± 0.0211 0.0593 ± 0.0227 0.0757 ± 0.0302 
MF+Wiener filter 0.0350 ± 0.0066 0.0451 ± 0.0067 0.0361 ± 0.0065 0.0448 ± 0.0066 
MF+median filter 0.0486 ± 0.0124 0.0486 ± 0.0124 0.0497 ± 0.0124 0.0482 ± 0.0124 
MF+wavelet filter 0.0416 ± 0.0072 0.0423 ± 0.0073 0.0423 ± 0.0070 0.0417 ± 0.0072 
MF+FFT filter 0.0447 ± 0.0129 0.0448 ± 0.0138 0.0460 ± 0.0119 0.0456 ± 0.0118 
MF+fuzzy filter 0.0449 ± 0.0118 0.0450 ± 0.0119 0.0461 ± 0.0120 0.0447 ± 0.0128 
Table 1: RMSE (mean and standard deviation) between ideal and filtered spectra using 
the proposed approach, and combinations of a baseline filter (conventional best-degree 

polynomial filter, PF, and morphology-based filter, MF) with a shot noise filter 
(Wiener, median, wavelet, FFT and fuzzy filters), using simulated spectra with different 

baseline profiles (linear, polynomial, sigmoidal and sinusoidal) 
 
 

 Spectrum a Spectrum b Spectrum c Spectrum d Spectrum e Spectrum f 
Proposed filter 28.1873 22.4613 32.3791 21.2516 31.8763 39.4224 
PF+Wiener filter 16.6748 11.8768 8.9701 17.4773 27.3828 23.1225 
PF+median filter 16.6137 19.0401 9.2666 19.1921 30.6203 27.9877 
PF+wavelet filter 15.6451 16.5602 9.3726 15.9537 29.8357 27.1419 
PF+FFT filter 11.5824 14.5842 11.7827 14.0882 12.3609 24.8403 
PF+fuzzy filter 16.7221 21.7162 18.5150 19.7585 30.8861 29.5737 
MF+Wiener filter 20.0519 9.6524 23.9501 8.5052 30.5533 24.6272 
MF+median filter 21.2140 13.2364 26.8809 14.6687 30.7646 28.6767 
MF+wavelet filter 21.0518 12.0132 26.8187 11.6223 30.6575 27.2624 
MF+FFT filter 21.1334 14.2837 23.6079 12.2891 30.7159 28.1590 
MF+fuzzy filter 22.7607 15.2989 27.5784 15.3349 31.2740 29.6025 

Table 2: SNRs of the denoised experimental Raman spectra using the proposed approach, and 
combinations of a baseline filter (conventional best-degree polynomial filter, PF, and 
morphology-based filter, MF) with a shot noise filter (Wiener, median, wavelet, FFT 

and fuzzy filters) 
 
 
Figure captions: 
  
Figure 1: Noise filtering scheme, aimed to reduce the shot noise and to remove the 
fluorescence’s baseline 
 
Figure 2: a) Graphical example of the proposed noise filtering method applied to a 
measured Raman spectrum of sample of a PY1 pigment powder, b) zoom for Raman 
shifts from 740cm-1 to 860cm-1: 1) Shot noise reduction by fitting a cubic penalized 
spline through the modified closing by the minimum structuring element, 2) baseline 



removal by fitting a cubic penalized spline through the modified opening by the optimal 
structuring element. The knot sequences are represented as black diamonds for both 
cases 
 
Figure 3: Examples of experimental Raman spectra measured in art works, prior (in 
black) and subsequent (in grey) to apply the proposed noise filtering methodology: (a) 
copper-phthalocyanine blue, (b) mixture of calcite and a copper-phthalocyanine blue, 
(c) mixture of rutile and copper-phthalocyanine green, (d) mixture of a copper-
phthalocyanine blue, carbon black and rutile, (e) mixture of a PY1, a PR4 and a copper-
phthalocyanine blue, and (f) copper-phthalocyanine blue 
 
Figure 4: Example of an experimental Raman spectrum of a copper-phthalocyanine blue 
pigment measured in an art work, showing very weak Raman bands (a), and resulting 
Raman spectrum obtained through applying the proposed noise filtering approach (b). 
The min-max intensities normalisation was applied to enhance visualisation 
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