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Water analysis

Raman spectroscopy is a versatile analytical tool, yet it often struggles with low sensitivity, hardware noise,
and environmental interference. To address these limitations, this study presents an automated, Artificial
Intelligence (Al)-assisted methodology to convert noisy optical signals into robust digital measurements.

The process involves acquiring high-dimensional, noisy spectral data from analyte solutions. A grid search
across various algorithms identifies the optimal pre-processing pipeline to minimize noise variance and
ensure metrological repeatability. Instead of relying on raw sensor feeds, the method fits a Gaussian curve
combined with a polynomial baseline to the data, extracting precise measurements from the peak of this
mathematical model. Supported by AI, the method successfully separates multiple optical signals and their
shifts originating from interactions among analytes, proving itself capable to compensate also for possible
hardware misalignment and thermal drift. As such, it can be used to quantify the concentration of selected
inorganic pollutants in a mixture of analytes.

The primary application addressed in this work is quantifying inorganic pollutants in water, to enable in situ
analysis without continuous expert supervision. Tests on binary and ternary mixtures of inorganic pollutants
in pure water demonstrated that the Mean Absolute Percentage Error (MAPE) for nitrate was consistently
below 10% in the concentration range between 0 mg/L to more than 15000mg/L, dropping to under 5% for
concentrations exceeding 1000 mg/L. For concentrations below 1000mg/L, the Mean Absolute Error (MAE)
values were 67 mg/L for nitrate, 1475 mg/L for sulfate, and 736 mg/L for nitrite, respectively.

1. Introduction analysis. In fact, aqueous samples can be analyzed locally, without com-

plicated multistep pretreatments, except for the removal of suspensions

The contamination of natural waters due to agricultural [1] or
industrial activities [2], along with the increasing demand for drinking
water driven by climate change [3], has intensified the need for effi-
cient, fast, and user-friendly methods for water analysis [4-6]. Raman
Spectroscopy (RS) is a promising technique for water analysis, as it is
capable of detecting molecular vibrational modes of analytes in water
samples with rather good resolution, but low sensitivity [7]. RS shows
potential for waste or surface water analysis, being a non-destructive
and non-invasive technique, and because it does not require any sample
preparation or alteration, making it ideal for analyzing water samples
without incurring in contamination or interference.

The massive development of optical technology, and the possibility
to perform RS directly in water, without sample collection or complex
preparation, make this technique suitable for in situ and real-time

* sCorresponding author.

E-mail address: rossana.galassi@unicam.it (R. Galassi).

https://doi.org/10.1016/j.measurement.2026.120429

that may cause light dispersion compromising species detection [8].
Moreover, RS enables rapid detection methods [9,10], also thanks to
the advent of special technical supplies that facilitate rapid sampling,
such as the immersion probes [11]. Based on the above, RS makes real-
time monitoring of water quality possible, which is especially useful in
environmental or industrial applications [12].

The low sensitivity of the technique appears to be the most im-
peding factor for its wide application [13]. RS provides data for both
qualitative and quantitative analysis; the position of the Raman shift
can characterize the analyte and discriminate it from others, while the
intensity of the peak is related to the concentration of the analyte.
When two or more analytes are dispersed within the same sample,
the presence of one Raman signal (e.g., sulfate) shifts the frequency of
another (e.g., nitrate), and methods based on raw spectrum intensity
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analysis may fail. Although water has a strong Raman signal concen-
trated at specific regions in the spectrum, thus leaving a wavelength
range for detecting other compounds without substantial overlap, it is
necessary to improve the sensitivity of the RS technique, to make the
analysis of contaminants and pollutants in water effective.

Several approaches have been proposed in the literature. As an
example, Surface Enhanced Raman Spectroscopy (SERS) [14] and Fiber
Enhanced Raman Spectroscopy (FERS) [15] techniques have been used
to enhance Raman signals. Another approach, mainly consisting of
sample pretreatment procedures, has been applied to enrich certain
species and make them more detectable [16]. As the Raman data
need to be processed to correct for instrumental factors (baseline,
laser power variability, shot light filtering, and optical path correc-
tions) and accidental interference, such as laser-induced fluorescence,
chemometrics approach and data elaboration are needed to obtain
useful outputs [17-19]. This paper addresses the limitation of low
sensitivity inherent in Raman sensors by implementing an Artificial
Intelligence (AI)-assisted gain mechanism, which relies on a summation
of spectra by averaging repeated scans, to mathematically boost the
Signal-to-Noise Ratio (SNR) of the process.

Al has recently gained attention in RS thanks to its ability to
automatically process complex and dynamic Raman spectra, aiding
in both quantitative and qualitative analysis [20,21]. Traditionally,
recognizing specific analytes involves manual pattern matching in ex-
isting databases, requiring high expertise and being prone to errors.
Al offers a solution for automated, objective substance recognition by
training on extensive Raman spectra datasets. This way, thanks to the
integration of Al in the processing pipeline, RS has seen applications
in the medical field, in food safety monitoring, in drug monitoring, in
pathogen screening, and environmental monitoring [22].

The most common Al approaches include Machine Learning (ML),
which is simpler and quicker to train, but requires significant pre-
processing, and Deep Learning (DL), which can automatically handle
raw spectra, learning preprocessing, and feature extraction, while need-
ing large amounts of training data. For these reasons, a common trend
in the recent scientific literature is to employ transfer learning of
neural networks, first trained on large datasets and then fine-tuned on
experimental recordings [19]. Despite several studies that leverage Al
in RS, quantitative Raman spectroscopy through the use of Al is still in
early phases. Only a few papers in the current state-of-the-art show it
is possible to obtain the quantification of analytes’ concentration from
Raman spectra by ML, or DL [23]. Most of the methods focus solely on
the classification of the analytes.

Raman analysis is, by itself, a qualitative technique that needs an
expert user, who interprets the patterns in the spectrum to identify
typical analytes. In this perspective, the use of Al enables improving the
qualitative performance of Raman spectroscopy, by providing objective
algorithms that can discriminate with a given performance the desired
class of analytes. A recent example in measurement science showed
the use of a micro-Raman spectrometer applied to the identification
of microplastics in soil, with an accuracy up to 73.92% when paired to
traditional ML, and up to 99.01% when using a CNN model, for seven
classes [24]. The next step to advance Raman measurement science is
adding the capability to quantify the concentration of a given analyte.
Recently, interest in the quantification of substances has increased, with
approaches from the traditional feature-based ML [25] and from DL,
without a particular need for pre-processing steps [26].

Referring to water analysis, when combined with ML and enhance-
ment techniques like SERS, RS has proven to be a reliable approach for
overcoming challenges related to detecting water contaminants with
high sensitivity [27]. Some of the pollutants that have already been
detected with the applications of ML and DL are pathogens, such as
bacteria, viruses, and nucleic acids, or organic contaminants, such as
polyaromatic hydrocarbons, organophosphorus pesticides, or inorganic
pollutants such as heavy metals, anions, and microplastics [27]. Despite
the promising results, in all these works, no quantification of the
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concentration is provided. For inorganic pollutants, a large corpus of
research focuses on investigating the application of RS for microplastic
concentration quantification [28] and classification [24,29]. On the
other hand, anion contaminants, such as nitrate, sulfate, and nitrite,
have seen limited analysis with ML-assisted RS, and their concomitant
detection is relevant to reveal biological material degradation [30].
Traditional techniques for spectra dimensionality reduction, such as
Principal Component Analysis (PCA), have been used for ML-assisted
SERS nitrate detection [31]. Two recent examples employed a monodi-
mensional Convolutional Neural Network, pre-trained on the RUFF
mineral dataset [32], to discriminate a group of substances, includ-
ing nitrate and other pharmaceuticals, with detection limits of a few
pg/L [33,34]; nevertheless, the application of ML was still limited to
the classification of substances and not their quantification. Another
recent trend in water and wastewater analysis is using ML-based re-
gression models applied to RS. For instance, marine water samples
were analyzed with the support of traditional ML techniques, including
support vector regression, decision trees, gradient-boosted regression,
k-nearest neighbors, multi-layer perceptron, and multivariate linear
regression, for the quantification of glycine, glucose, and butyric acid,
all organic substances [35]. Additionally, Lange et al. [26] analyzed
eight substances, dissolved in water, including the inorganic analytes
nitrate and sulfate, by means of traditional Raman spectroscopy in
conjunction with machine learning and deep learning to obtain the
quantification of their concentrations with performances ranging from
10mg/L to 50 mg/L for nitrate and 190 mg/L to 410 mg/L for sulfate.

From the literature analysis, most of the studies leverage ML and
DL methods for classifying analytes in the RS spectra. In this context,
this work shows the development of a chemometric method using algo-
rithms for the pre-processing of Raman spectra, and ML for quantifying
the concentrations of analytes in a mixture of nitrates, sulfates, and ni-
trites, in water samples. The integration of Al in the processing pipeline
of raw Raman spectral data leads to robust digital measurements, by
providing dimensionality reduction, as specific fingerprint regions are
isolated to focus the measurement window, and Gaussian fitting, so
that instead of relying on raw intensity, which is susceptible to noise,
the system fits a Gaussian curve combined with a polynomial baseline
to the data. Despite the complexity of the raw data, the proposed
method demonstrates that once the Gaussian features are extracted, a
simple Linear Regression (LR) model outperforms more complex non-
linear models in making the final output, which relates concentration
to spectrum peak (and area), a reliable linear function.

This is one of the first studies in the field of quantitative traditional
RS applied to anion contaminants quantification based on ML. The
approach relies on data collected from various chemical experiments
and measurements; hence, the first step of this work is the production of
a dataset, followed by its elaboration by trained ML methods. The train-
ing data of the ML model is restricted to single analyte cases, which are
easily replicable in laboratory settings, while testing data is provided on
more complex binary and ternary mixtures of analytes, showcasing the
generalization capabilities of the proposed approach. The ML pipeline
is treated not as a black box predictor, but as a signal processing stage
designed to rectify determining instrumental errors, and minimize mea-
surement uncertainty. This is attained by pursuing the minimization of
the Mean Replicate Variation (MRV) and Mean Replicate Coefficient of
Variation (MRCV) over all the concentration values, which effectively
calibrates the system to minimize noise variance between repeated
measurements of the same input, a core requirement for metrological
repeatability. The proposed method significantly reduces prediction
errors for low-concentration inputs, effectively extending the linear
dynamic range of the RS system. For example, nitrate prediction error
at low concentrations drops from 32.8% to 15.3% purely through the
proposed algorithmic enhancement.

The paper is organized as follows: Section 2 highlights the measure-
ment context and metrological relevance of the proposed study. All
the details about the acquisition protocol can be found in Section 3.
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The processing steps can be divided into pre-processing, where the
best baseline correction, smoothing, and normalization are chosen to
minimize the variability in the measurements, as explained in Section 4,
followed by a feature extraction based on Gaussian fitting explained
in Section 5, and regression based on a linear model, the presentation
of which can be found in Section 6. Results and discussion can be
found in Section 7, where the spectra following the pre-processing can
be visualized, a feature correlation analysis is performed, the cross-
validation results on the training and validation sets are commented,
and the results on the mixture of analytes test sets are presented and
discussed, before and after summation of spectra. Section 8 concludes
the paper.

2. Measurement context and metrological relevance of the study

From a measurement perspective, Raman spectroscopy systems
function as optical transducers that map molecular vibrations (playing
the role of the measurand) to spectral intensity (the indication). By
their inherent nature, these systems feature low sensitivity and sig-
nificant susceptibility to influence quantities — specifically, baseline
drift caused by fluorescence, and instrumental instability. The raw
indication provided by a Raman spectrometer is affected by both
systematic effects (baseline wander) and random effects (photon shot
noise), rendering the direct relationship between signal intensity and
analyte concentration non-linear and poorly repeatable, which also
limits the reliability of the quantitative estimation derived from the
spectral data. The challenging research problem is, therefore, to de-
velop a calibration chain that minimizes the variability of repeated
indications (thus leading to a reduced Type A uncertainty), corrects
for systematic spectral shifts caused by environmental or hardware
instability, and extends the measuring interval (dynamic range) into
low-signal regions dominated by the noise floor.

In this paper, all of the above steps are tackled by an Al-assisted
computational method, which abandons the direct use of raw spectral
intensity in favor of a parametric model. The measurement result Y is
derived via a calibration function f (Linear Regression) applied to a
feature vector X (Gaussian peak), according to the model:

Y = (X peqi) + € @

where € represents the residual error, due to measurement deviations
the proposed ML pipeline helps to correct. The peak of the Gaussian
curve and the area under the same curve are linearly correlated, as it
happens in the ideal mathematic model, as the standard deviation of
the Raman spectrum does not vary with concentration.

Systematic effects (bias) are corrected by employing an exhaustive
grid search of baseline correction algorithms, to identify the optimal
correction function, as detailed in Section 5. This computational step
removes the systematic bias introduced by fluorescence, effectively
zeroing the RS instrument before signal evaluation. The wavelength
shift (drift of the x-axis), that arises in the presence of several analytes,
but can be caused also by thermal expansion or optical misalignment, is
investigated, testing the system’s sensitivity to this influence quantity
by introducing artificial shifts of 4.3cm™! to 13.3cm™! (Section 7.4).
While the Linear Regression model based on raw intensity fails in
the presence of drift, the model based on Gaussian Feature Extrac-
tion remains stable, decoupling the measurement result from slight
instabilities of the spectrometer.

The proposed study explicitly adopts GUM [36] guidelines to eval-
uate the dispersion of measurement results. The experimental standard
deviation for N repeated observations is calculated, to quantify the
variability of the instrument’s indication at specific wavelengths. To
quantify and minimize random measurement error, the study intro-
duces the Mean Replicate Coefficient of Variation (MRCV), that nor-
malizes the standard deviation ¢ against the signal mean, providing a
dimensionless quantity to assess the relative measurement repeatability
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Fig. 1. Energy diagram showing the components of scattered light in a Raman
spectrum. The laser light (v,) excites the molecules to a virtual state; the
energy release occurs through the elastic Rayleigh light (v;) and the inelastic
components due to the different vibrational populations [37].

across the entire spectral band. Then, the pre-processing pipeline is op-
timized specifically to minimize this value (Section 4). Random effects
(noise) are addressed through signal averaging (summation of spectra),
that leads to an increase in SNR. The final measurement accuracy is
reported as the deviation from the reference standard, and quantified
by the MAPE figure. The study transparently reports outliers, where the
algorithm fails to converge, representing the system’s statistical failure
rate.

In the experimental setup, focused on water samples analysis, the
measurand is represented by the mass concentration of inorganic anions
(nitrate, sulfate, nitrite) in an aqueous matrix, and traceability is estab-
lished using analytical standard salts with >99% purity, gravimetrically
prepared in ultrapure water, to establish reference values.

3. Acquisitions of Raman spectra

This section is divided into paragraphs that describe the process and
the instrumentation used to obtain the Raman spectra.

Raman spectroscopy. RS is an analytical spectroscopic technology based
on the scattering of weak infrared components of light after a strong
excitation through very intense light, with wavelengths that may be
in the UV-vis-FIR (Ultra Violet, visible, Far InfraRed) range (v,). The
scattered light is mainly laser light with weak infrared light components
as a result of the vibrational modes of the molecules. The Raman
effect, on which the technique is based, is very weak and requires
intense light excitations to be detected. The large availability of lasers
as powerful light sources, assembled with high-performance spectral
connections and a spectrograph coupled with CCDs (Charge Coupled
Devices) capable to separate the light components and to generate
electric signals accordingly, yields outputs consisting of plots of Raman
peaks against wavelength scans. In this plot, the Raman spectrum, the
vibrational components, Raman shifts, derived from the subtraction or
addition of laser light (generally Stokes), are drawn. Light combinations
arise from the thermal distribution of the molecular population in
vibrational levels, which upon absorption of laser light gives as a result
the components denoted as hvy+hv and hv,—hv, respectively, as shown
in Fig. 1. The analysis of these vibrational components is diagnostic
of the compounds’ nature, and the intensities of the peaks are linearly
correlated to their concentration, making this spectroscopy valuable for
qualitative and quantitative analytical chemistry.

Instrumentation. In this set of analyses, the Raman optical spectroscopy
of the stock solutions was performed by a micro-Raman system con-
sisting of two Olympus microscopes that allow different experimental
configurations to be addressed, and laser sources to be used depending
on the material to be investigated: 532 nm, DPSS laser, 633 nm, He-Ne
laser, and 785 nm, solid-state laser. Thanks to the use of optical fibers,
the system can operate with laser beam dimensions in the range of 2 pm
to 5 pm. The scattered photons are collected in backscattering geometry
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Fig. 2. Raman spectra acquired for a 500 mg/L solution of NO;~: (a) overlapped Raman spectra acquired with 532nm laser powers at 20mW (black curve) and
47mW (red curve), with the nitrate peak at 1044 cm~'; (b) magnification of the nitrate peak at 1044 cm~'. Typical Raman peaks of water are at 3350cm~' and

1620cm™".

Table 1

Instrumental parameters for the acquisition of the

datasets.
Parameter Value
Number of spectra 10
Number of accumulations per spectrum 5
Acquisition time for each accumulation [s] 10
Total acquisition time [s] 50
Laser wavelength [nm] 532
Laser power output [mW] 20

and analyzed by a spectrometer (Horiba iHS320) in Czerny-Turner
geometry equipped with a Horiba Sincerity CCD7 camera detector. The
spectrum is collected in the Stokes region in a range of 70cm™! to
6700cm~! wavenumbers, and the elastic peak of the output signal is
eliminated through a low-pass filter (edge type).

Solution preparation. The solutions were prepared in standard glass-
ware (Wheaton glass vials) using ultrapure water (MilliQ) and sodium
or potassium anhydrous salts purchased from Merck. All the salts used
in these assays are analytical standards with the highest commercial
purity, over 99%. These salts were used without further purification
and stored in a desiccator to prevent humidity. Stock solutions were
prepared by dissolving the needed amount of solid samples in ultrapure
water. Further dilutions of the stock solutions were performed by
pipetting volumes and adding water to prepare a set of analytical
samples with concentrations of the anions ranging from 15000mg/L
to 200 mg/L. Such a process of solution preparation allows to establish
reference values for traceability purposes of the proposed method.

Raman spectra acquisition. The water solutions were analyzed after
transfer in an open Wheaton vial, to facilitate optical focus at 800 pm
below the upper surface. The laser used for the set of analysis is a green
light at 532nm with a laser output power of 20 mW. At such power,
Raman spectrum shown in Fig. 2(a) exhibits a peak at 1044 cm™!, while
an increase of laser power to 47 mW slightly affects the peak’s intensity
(Fig. 2b).

After an explorative set of acquisitions with different acquisition
times, the analyses were performed by recording 10 scans with an
integration time of 5 seconds for each spectrum, as reported in Table 1,
repeating 10 times at any given concentration, to obtain the data sets.
Averaging 10 repeated scans significantly reduces the random error
component.

Spectra of solutions of the single analyte or mixtures of them were
checked after a routine baseline correction through the peak analyzer

method, according to the spline function. An example of the effect of
applying the peaks analyzer method is provided comparing the raw
spectra of Fig. 3(a) to those obtained with baseline correction, in Fig.
3(b).

The characteristic peaks of the analytes were normalized by con-
sidering the Raman peaks due to the symmetric stretching mode of
water, centered at 3378 cm~!. Raman spectra analysis of mixtures of
inorganic salts is complicated by the interionic interactions between
the cations and the anions in solutions, influencing the shape and the
Raman shift of the analytes’ peaks. Therefore, the recognition of an
analyte by the peak detection might be compromised by the presence
of other interacting chemical species, which may cause the peak’s
shift [38]. It will be shown later in the paper that the proposed Al-
assisted model learns to decouple these mixed signals, proving itself
resilient to wavelength shifts, whatever the cause that originated them.
For example, in the solutions herein considered, the nitrate ion peak is
shifted from the single-analyte case to the mixture of analytes as can
be seen in Fig. 3(b). The spectra acquired for a single analyte nitrate
are shown in Fig. 4(a), and for a mixture of nitrate, sulfate, and nitrite,
they are reported in Fig. 4(b).

The concentration of the three anions is equal in this solution, but
the signals are different both in terms of intensity and shape. The
concentration of the single analyte primarily determines the absolute
peak intensity; however, a highly polarizable molecule yields more
intense peaks, thereby differentiating the relative intensities of the
peaks. The peak position of an analyte recorded in a mixture may
be shifted from that recorded in a single analyte solution; this effect
is due to the interionic interactions among different analytes. Cations
and anions may form ionic couples by intermolecular electrostatic
attractions affecting the overall molecular symmetry, and the energy
associated with the vibrational modes of the ions [8].

Different classes of raw Raman data were collected. Firstly, it was
confirmed that a linear correlation exists between the intensity of
a reference Raman peak due to an analyte and its concentration in
the solution. For example, to build the calibration curve, a typical
vibrational mode of the NO5~ ion in water was considered, centered at
1046 cm (stretching NO3 ™7, v;, (Ag symmetry), as a function of the ion
concentration. In Fig. 5(a), the Raman shifts attributed to v, nitrate
vibrational mode in solutions with variable concentration (in the range
122mg/L to 30667 mg/L) are shown, and the linear regression between
the peak areas and the concentration values (mg/L) is reported in Fig.
5(b).

Afterward, sets of data were generated by analyzing single analytes
in a range of concentrations to determine the LODs (Limits Of De-
tection) (it was 578.85 mg/L for nitrate, according to the instrumental
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Fig. 3. Comparison between the Raman spectra recorded for a solution made of NO;~, NO,~ SO,~2 in equal concentration at 15333 mg/L: (a) raw spectra, (b)

spectra after baseline correction and SNV normalization.
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Fig. 4. Spectra in the range of wavenumber 1000cm™~! to 1080cm~' of (a) a nitrate solution, and (b) a mixture of NO;~, NO,~ SO4‘2. The nitrate peak is located
between 1030cm™! and 1040cm™' in the single analyte solution, and it is slightly shifted towards 1020cm~' in the mixture.
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Fig. 5. Nitrate solutions at different concentrations: (a) overlapped spectra in the range of wavenumbers 1000 cm™' to 1080cm™!, (b) linear regression of the peak

and the concentration values, in mg/L.

setup herein considered), and data sets at different concentrations.
Secondly, data were collected on solutions containing a mixture of
two analytes in different proportions, and finally, data were collected
on solutions resulting from the mixing of the three analytes NO5;~,
NO,~ and SO,2". The solutions and the corresponding concentrations
in mg/L are reported in Tables 2, 3, and 4, respectively. The collected
raw data were used for the data processing described in this paper.

4. Minimization of the mean replicate variation

The pre-processing steps are necessary when dealing with a Ra-
man spectrum in a problem of ML, as they can drastically affect the
performance of the models. Nevertheless, the ability to choose the
proper combination of pre-processing steps necessitates expertise. To
simplify this selection process, the pre-processing steps are considered
as parameters to be tuned in an exhaustive grid search protocol, where

Table 2
Solutions of single analyte [mg/L].
A B ¢
NO; S0~ NO;
1 30667 5072 5072
2 15333 2536 2536
3 6133 1692 1692
4 3066 1014 1014
5 1533 845 845
6 613 507 507
7 306 253 253
8 122 - -

different combinations of steps are tested, to minimize the average
sample standard deviation of all the Raman shifts in a specific set of
concentrations [39].
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Table 3
Mixtures of two analytes [mg/L].
D E F G
S0} /NO; NO; /NOj NO; /NOj NO; /NOj
1 16907/16 907 15333/15333 3067/15333 15333/3067
2 3381/3381 7655/7655 1533/7666 7666/1533
3 1690/1690 3066/3066 767/3833 3833/767
4 845/845 511/1533 383/1916 1916/383
5 422/422 511/511 - -
6 3381/676 - - -
7 8453/1690 - - _
8 16097/3381 - - -

For each concentration ¢, of a given analyte, N observations (Ra-
man spectra) are collected. Each Raman spectrum that describes inten-
sity values as a function of wavelength is numerically represented as
a one-dimensional vector SI’.‘ (j = 1...N) of length L. Each vector
element S/’.‘[i] is identified by an index i, with i = 1... L. Index i
corresponds to each wavelength value for which an intensity value is
present in the Raman spectrum, so that SJ‘.‘[:’] = Sj’.‘(li).

Taking N observations at a parity of concentration c,, it is possible
to compute the sample standard deviation ai" of the intensity value S*
at wavelength A, denoted here as S*(4;), across all the N realizations
of the repeated Raman intensity acquisition, as (2):

N
k_ 1 k(3 \_ ok 12
of = _N-é}(sf“') SK(3,) @
where
S =+ jzzlsjui) 3

The experimental standard deviation a{‘, defined according to the
Guide to the Expression of Uncertainty in Measurement (GUM) [36],
is used to represent the variability of the detected Raman intensity
at a single wavelength 4;, over N repeated acquisitions performed at
a parity of the analyte concentration. This way, a vector of standard
deviation values o-f is obtained, for i = 1... L. By taking the average of
these standard deviation values across a wavelength fingerprint region
going from A, (i = A)to i3 (i = B), 1 < A,B < L, calculated
as — Z,-Bz " alf‘, it is possible to define a metric of variability for a
specific concentration ¢, over a given wavelength range. Then, taking
the average over M different concentrations, a metric for repeatability,
namely the Mean Replicate Variation (MRV), is defined as (4):

M B
_ 1 1 k

The wavelength interval, from A, to Ap, is the one in which it is
expected to find the peak of the Raman spectrum intensity, for a specific
analyte of interest, based on previous knowledge.

The problem with such a definition of MRV is that it is affected
by the peak intensity values of each observation within the set of N.
For this reason, a different variability metric is introduced, accounting
for a normalization factor equal to the mean value of the intensity, at
wavelength 4,. Therefore, instead of the sample standard deviation af,
the sample coefficient of variation CV/}* is considered, as (5):

k
vl = — &)
Sk(4)

Thereby, a Mean Replicate Coefficient of Variation (MRCV) is ob-

tained by averaging over all the concentration values, as (6):

M B
1 1 «
MRCV = — — ) CV 6
M;(B_Ai; ) ©)

The normalization step applied to MRCV computation provides a
dimensionless quantity to assess the relative measurement repeatability
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across the entire spectral band. This way, the proposed pipeline to
be optimized is composed of the following steps: baseline correction,
smoothing, normalization, region crop, and feature extraction.

The baseline correction is chosen from a set of state-of-the-art
algorithms provided by the RamanSPy framework [40]. The alterna-
tives used are Asymmetrically Reweighted Penalized Least Squares
(ARPLS), Asymmetric Least Squares (ASLS), Improved Asymmetric
Least Squares (IASLS), Adaptive Iteratively Reweighted Penalized Least
Squares (AIRPLS), Doubly Reweighted Penalized Least Squares (DR-
PLS), Improved Asymmetrically reweighted Penalized Least Squares
(IARPLS), and Adaptive Smoothness Penalized Least Squares (ASPLS).
Regarding the smoothing step, the Savitzky—Golay filter is commonly
applied to Raman spectra as a denoising algorithm. Still, it necessitates
specifying a sample window and a polynomial order. The window
length and polynomial order are two parameters to set. The window
length is selected considering all the values between 5 and 7, while
the poly-order is selected considering all the values between 2 and
5 [41]. For normalization, four different algorithms are tested: the
maximum intensity normalization, the norm vector of the entire spectra
normalization, the area under the curve of the spectra normalization,
and the standard variate normalization by removing the mean spectrum
and dividing by the sample standard deviation of the total spectrum
intensities.

All the combinations of the previously listed algorithms are exhaus-
tively checked to find, for each analyte, the best pre-processing pipeline
in terms of MRCV in the fingerprint related to the analyte.

5. Region crop and feature extraction

The region crop is necessary to focus the regressor on the wave-
length region where the analytes are known to appear, and it performs
a data dimensionality reduction that helps to simplify the training
process of the regressor. Nitrate, nitrite, and sulfate analytes appear in a
Raman spectrum as a deviation from the baseline at specific wavelength
bands, as can be seen in Fig. 3(b). In the first step of our analysis, a
baseline correction was identified as the ARPLS [42]. Then, the spectra
can be cropped in the region associated with the specific analyte.
Knowing that the nitrate analyte has a peak from 1030 nm to 1040 nm a
fingerprint region is proposed from 1000 nm to 1080 nm. For the sulfate
regression, knowing that a peak will appear from 970 nm to 980 nm, a
fingerprint region from 930 nm to 1010 nm is proposed. For the nitrite,
a fingerprint region from 1280 nm to 1420 nm is proposed.

Instead of relying on raw spectrum intensity, which is susceptible
to noise, the proposed approach fits a Gaussian curve combined with
a first-order polynomial baseline to the data in the fingerprint region,
using the expression (7) below:

—G=p?
Gy(4)=q+mai+pe 202 (2]

where ¢ is the intercept of the linear function, m is the slope of the
linear function, p, u, and o are the peak, the mean, and the standard de-
viation of the Gaussian curve, respectively. The first-order polynomial
fitting is added to the Gaussian curve to address the issue of possible
local baseline wander that could not be solved by the previous baseline
correction. Examples of local baseline wanders can be found in Figs.
6(a) and 6(b).

The extracted peak, standard deviation, and the product between
the peak and standard deviation of the Gaussian curve are used as
parameters for the regression (Fig. 7). Even though any Gaussian
curve is perfectly identified by its peak, standard deviation, and mean,
only the first two parameters are considered as input features for the
regression of the analyte concentration. The mean of the Gaussian curve
is related to the type of analyte. The area is added as another possible
feature, and computed as:

A =\2rop (8)
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Table 4
Mixtures of three analytes [mg/L].
H 1 L M
SO /NO; /NO; $02-/NO; /NO; $0;~/NO3/NO; 803" /NO;/NO;
1 15333/15333/15333 15333/3067/3067 3067/15333/3067 3067/3067/15333
2 7665/7665/7665 7666/1533/1533 1533/7666/1533 1533/1533/7666
3 3066/3066/3066 3833/766/766 766/3833/766 766/766/3833
4 1533/1533/1533 1916/383/383 383/1916/383 383/383/1916
5 1022/1022/1022 - - -
6 511/511/511 - - -
7 255/255/255 - - -
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"""" Linear Baseline
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(a) nitrite fit example

Fig. 6. Example of the first-order polynomial fit and Gaussian curve: (a) nitrite
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Fig. 7. Example of Gaussian fit on the experimental data of a nitrate analyte
with a concentration of 6133 mg/L. Peak, mean, and standard deviation of the
Gaussian fit are extracted as parameters.

The average intensity over the considered fingerprint region is also
considered. Moreover, the raw experimental intensity measured by the
Raman system without the feature extraction step is employed directly
as an input feature vector. To choose the best input feature vector,
a correlation analysis is performed to exclude the uncorrelated input,
and then, based on cross-validation performances, as explained in the
next section, the final features are found. All the computational steps
described in the previous paragraphs help removing the systematic bias
affecting the system, which is, for example, introduced by fluorescence,
thus effectively zeroing the instrument before signal evaluation.

6. Machine learning approach

The obtained datasets containing spectra of a single analyte are
employed as a development set, divided into training and validation
sets following a three-fold partition. The examples in the validation sets
are related to concentrations that do not appear in the training set.

1000 1010 1020 1030 1040 1050 1060 1070 1080
Wavenumber [ cm_l]

(b) nitrate fit example

at a concentration of 756 mg/L, (b) nitrite at a concentration of 1000 mg/L.

Linear Regression (LR), Random Forest Regressor (RFR), and XG-
Boost Regressor (XGBR) are chosen as models to be trained, validated,
and tested. The motivation behind choosing these models is that they
have recently been employed for a similar purpose on sulfate concen-
tration regression [43]; therefore, they produce good benchmarks on
the newly acquired experimental data. The default hyperparameters
are employed. The performance metrics computed on the validation
sets can be used to understand the most suitable model for testing on
unseen data. Moreover, as another discriminant, a robustness test for
light wavenumber shifts in the Gaussian peak is used to understand the
model and the input features with the best generalization capabilities
in more complex scenarios.

Even though the previous analysis is useful for understanding the
best-performing models in a controlled scenario, it is necessary to take
a step towards a generalized scenario, where multiple analytes could
appear in the spectra. For this reason, the best model found in the
single-analyte case is trained for each analyte and then tested in the
newly recorded examples with mixtures of analytes. Each single-analyte
model is trained to quantify the concentration of a specific analyte, by
analyzing a predetermined fingerprint region where the Raman peak
will appear.

6.1. Performance metrics

Given a set ¢ of concentration values on either the test or validation
set, and a set ¢’ of values predicted by a trained model, and using i to
identify a generic example (i = 1,..., N), it is possible to define the
Absolute Error (AE), and the APE as follows:

AE =|¢; - ]| 9)

|Ci_C,~,|
APE = —— -

[
i

100 10)

Then, Mean Absolute Error (MAE) and MAPE are given as follows:

N
1
MAE=N§|CI—C;| 11)
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For the evaluation of the errors as performance metrics on the cross-
validation for the best pre-processing, and the evaluation of the best
performances on the final test set, MAPE is employed as it normalizes
the error by the given concentration. MAE values are reported for
completeness and to allow comparisons with other approaches in the
scientific literature, only on the test set.

7. Results and discussion

In the next paragraphs, the results of the experiments are discussed,
starting from the results related to the pre-processing steps, together
with a qualitative analysis of the appearance of the spectra, by showing
plots after the application of the selected pre-processing (Section 7.1).
An analysis of the Gaussian feature extraction is proposed to understand
the best set of features to employ in the ML regression. A correlation
analysis is displayed in Section 7.2. Thereafter, in Section 7.3 three
common ML algorithms are tested in the training and validation set,
corresponding to the single analyte cases, to choose the best performing
option, followed by a robustness test to slight wavelengths shifts in
Section 7.4, to understand if the model is overfitting to specific peak
locations. Thus, in Section 7.5, the best model is used for further
validation on an external test set including various mixtures of analytes,
to understand its generalization capabilities in more complex cases.
Finally, in Section 7.6, to further improve the results, a novel definition
of the Signal-to-Noise Ratio of the spectra is employed, a summation of
spectra is introduced, and its effects are evaluated on the same test set,
showing promising improvements.

7.1. Pre-processing results

In the training set of single analytes, the pre-processing steps,
consisting of baseline correction, normalization, and smoothing, are

chosen by an exhaustive grid search, to minimize the MRCV of the
spectra. The best baseline correction for the nitrates and sulfates is
the ARpls, followed by an SNV normalization. In contrast, a second-
order polynomial is the best to correct the baseline of nitrites based on
our experiments, followed by an SNV normalization. For nitrites and
sulfate, a Savitzky—Golay smoothing with a window of 5 samples and
a second-order polynomial kernel is employed, whereas for nitrates, a
Savitzky—-Golay smoothing filter with a window length of five samples
and a third-order polynomial is used. The results, clustered on a single
plot for nitrates, sulfates, and nitrites, can be seen in the panels of
Figs. 8, 9, and 10, respectively. In each group of panels, it is possible
to observe: the behavior of the spectra without processing, in Fig.
8(a), Fig. 9(a), and Fig. 10(a), respectively; the behavior of the spectra
without processing cropped, in Fig. 8(b), Fig. 9(b), and Fig. 10(b),
respectively; the behavior of the spectra with great changes in the
baseline and variations of the peak, and the minimization of these
variations after processing, in Figs. 8(c) and 8(d); Figs. 9(c) and 9(d);
Figs. 10(c) and 10(d), respectively.

7.2. Feature correlation analysis

A correlation analysis can further explore the features extracted
from the fingerprint Gaussian region to determine whether they are
useful for regression. Table 5 shows a correlation matrix for each
analyte and the extracted features.

It is possible to observe that the standard deviation (c) of the
Gaussian curve is not linearly correlated with the concentration and
the other features. On the other hand, p, A, and the average intensity
of the fingerprint are highly correlated. This is expected because the
area is computed after the Gaussian fit, as the multiplication between
o and p. Thus, given that ¢ can be considered a constant at different
concentrations, the area and the peak of the Gaussian curve give the
same information. The average intensity over the fingerprint region,
computed as the discrete mean of the intensity values, can be consid-
ered a discrete integral, and it is therefore correlated with the area and
the peak of the Gaussian curve.
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Table 5
Correlation (C) matrix for the employed features in each analyte.
Analyte Features p A o average intensity \ Cc
P 1.00 1.00 —0.08 1.00 1.00
nitrate A 1.00 1.001.00 -0.07 1.00 1.00
c —0.0750 —-0.07 1.00 —-0.07 —-0.07
average intensity 1.00 1.00 -0.07 1.0000 1.00
P 1.0000 1.00 -0.14 1.00 0.9981
sulfate A 0.9972 1.00 —0.08 1.00 1.00
c —-0.14 —0.08 1.0000 —-0.08 -0.14
average intensity 1.00 1.00 —-0.08 1.0000 1.00
p 1.00 0.98 0.10 0.99 0.99
nitrite A 0.98 1.00 0.2689 1.00 0.95
o 0.10 0.27 1.0000 0.20 0.02
average intensity 0.9929 1.0 0.20 1.00 0.97

7.3. The best model on the development set of single analytes

Figs. 11(a), 11(c), and 11(e) show the distribution of the AE with
boxplots for nitrate, sulfate, and nitrite, respectively. Instead, Figs.
11(b), 11(d), and 11(f) show the distribution of the APE with boxplots
for nitrate, sulfate, and nitrite, respectively. The prediction errors are
computed over a twenty-five-times repeated three-fold cross-validation.
LR, RFR and XGBR are the models used. The parameters are peak, area,
discrete mean, and raw intensity. It can be seen that the performances
for the linear models are better than the RFR and XGBR models. The
peak and raw intensity are the best-performing input features among
the ones employed.

7.4. Robustness to slight wavelength shifts in raw intensity and peak features

The linear regression using peak or raw intensity as features repre-
sents, in both cases, a lightweight model if compared with the state-of-
the-art approach, consisting of a deep one-dimensional Convolutional
Neural Network. Nevertheless, the peak model is composed of only
one weight and a bias. In contrast, the raw intensity model weights
each sample in the chosen fingerprint region. The major issue is that
increasing the complexity of the model, while maintaining a small
number of examples in the training dataset, could impair the general-
ization capabilities of a slightly more complex model. In a real aqueous
matrix, the interaction between different analytes could cause a slight
wavelength shift in the position of the peak. Therefore, two linear
regression models are trained: one with peak features and another one
with raw intensity features, on all the examples of single analytes. Then,
the training examples are shifted to the left and to the right by a number
of samples from 1 to 3. Considering that the wavelength resolution is
43cm™! in our experiments, this robustness test shifts the spectra by
a minimum of 4.3cm™! to a maximum of 13.3cm™!. Figs. 12(a), 12(b),
and 12(c) show the effect on the quantification error of slight shifts in
the chosen fingerprint region, between the two input parameters for a
linear regression model.

It can be noticed that the linear model taking as input the raw
intensity does not generalize well to different positions of the Gaussian
peak inside the chosen fingerprint region, whereas the peak model is
not affected, as long as a large shift does not compromise the Gaussian
fitting. Thus, the test for the mixture of analytes is conducted with the
simpler model, which not only has a higher degree of interpretability,
but it is also more robust to peak shifts.

7.5. Mixture of analytes analysis

A linear model for each analyte is trained on the single-analyte
datasets. The regression models are composed of an angular coefficient
that multiplies the extracted peak (p) in the given fingerprint, plus an
added bias. The results have the following analytical expressions:

¥xos = 31334.40p + 13040 as

Vsop = 44490.18p +23.20 (14)

10

Yno; = 135884.43p - 96.15 (15)

Figs. 13(a), 13(b), and 13(c) show how the test examples are placed
with respect to the predicted concentrations, based on the line plots.

Tables 6 report the MAE and MAPE for all the test examples,
stratified for each analyte, for all the concentration ¢ ranges, and for
a given threshold of 1000 mg/L used to discriminate between low and
high concentrations. It is possible to observe that the best results are
obtained for the high concentration class, whereas the prediction error
increases for the lower concentrations. This behavior is due to errors in
the baseline correction and Gaussian fitting procedure, as analyzed in
detail in the examples provided in Appendix.

7.6. Summation of spectra to improve signal-to-noise ratio

One of the ways to improve the results for these edge cases, where
the baseline correction is not properly working or where the signal-
to-noise ratio is low, is to sum or average the different observation
spectra of the same sample. For each experiment and concentration,
ten different recordings of 10 s are performed; thereby, by averaging
these spectra, it is possible to obtain a single spectrum, with a higher
signal-to-noise ratio. The SNR is defined in the fingerprint region of
the considered analyte. After Gaussian fitting G (1) and local baseline
removal, the power of the Gaussian signal is computed as the sum of
the squared intensities. The noise signal n(4) is obtained by subtracting
the Gaussian fitting and the first-order local baseline (¢ + m4) from
the experimental intensities. The noise power is then computed as a
summation of the squared noise intensity; eventually, the SN R can be
calculated in logarithmic form.

R() = G;(A) + n(d) (16)
L L
Py = 2R = G (D) = Y (n(4)? an
i=0 i=0
L
Pgay = D (G(A) = (g +mA)y (18)
i=0
P,
SNR=10 log10< Gw) (19)
Py

Figs. 14(a), 14(b), and 14(c), show how a simple summation im-
proves the SNR in the experiments considered. The scatter plots show
the median SNR for the initial cases and the new SNR, after the spectra
average.

It can be observed that there is a general improvement in SNR,
spread between all the examples, with a highly positive jump for the
lower concentrations.

Table 7 the results in terms of MAE and MAPE are reported after
the summation of spectra.

It is possible to observe an improvement over the entire concen-
tration range of the test example, and in particular for concentrations
above 1000 mg/L. Considering all the concentration range, the nitrate
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Fig. 11. Boxplots of AEs and APEs for different models and parameters (params), in the single analyte case.
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Table 6

Summary statistic of the prediction error for the analyzed analytes across all the experiments and concentration (¢) ranges.

All ¢ ¢ above 1000 mg/L ¢ below 1000 mg/L

MAE [mg/L] MAPE [%] MAE [mg/L] MAPE [%] MAE [mg/L] MAPE [%]
nitrate 244.0 15.7 281.0 8.6 154.0 32.8
sulfate 951.0 107.1 746.0 23.4 1432.0 304.2
nitrite 684.0 75.2 574.0 25.4 977.0 208.1

11



A. Nocera et al.

Measurement 265 (2026) 120429

30000 tag -
e Nitrate
Mix_Nitrate_Sulphate
= 25000 =  Mix_Nitrate_Nitrite
? +  Mix_ternario
= 20000 +  Mix_ternario511
S
s *
S 15000 ot
<]
c
<]
o
< 10000
2
<
5000
o .
0.0 02 04 06 08 1.0
peak [a.u]
@
17500
tag
e Sulphate
15000 Mix_Nitrate_Sulphate
jard = Mix_ternario
Ev 12500 +  Mix_ternario511
‘e
2 10000
S
g
8 7500
<]
o
g 5000
2
2500
+
0 i
0.0 0.1 02 03 04
peak [a.u.]
(d)
16000
tag .
14000 e Nitrite
Mix_Nitrate_Nitrite
= 12000 = Mix_ternario
E +  Mix_ternario511 )
‘s 10000 o @
s g
£ 8000 i »
] -
g .
qQ 6000
[&]
g
£ 4000
<
2000
0o F
0.00 0.02 0.04 0.06 0.08 0.10 0.12
peak [a.u]
©

Fig. 13. Line plots and concentrations for the

Table 7

considered test examples for each analyte: (a) nitrate, (b) sulfate, (c) nitrite.

Summary statistic of the prediction error for the analyzed analytes across all the experiments and concentration (c) ranges,

after spectra summation.

All ¢ ¢ above 1000 mg/L ¢ below 1000 mg/L

MAE [mg/L] MAPE [%] MAE [mg/L] MAPE [%] MAE [mg/L] MAPE [%]
nitrate 126.0 7.5 151.0 4.3 67.0 15.3
sulfate 902.0 106.9 660.0 20.1 1475.0 313.0
nitrite 510.0 56.1 425.0 17.3 736.0 159.5

MAE decreases from 244 mg/L to 126 mg/L, the sulfate MAE from
951 to 902 mg/L and the nitrite MAE goes from 684 to 510 mg/L;
the MAPE reduces accordingly, and for the nitrate, a MAPE of 7.5%
is reached. For concentrations above 1000 mg/L, the prediction error
tends to decrease; the MAE for nitrate lowers from 281 to 151 mg/L,
the MAE for sulfate goes from 746 to 660 mg/L, and the MAE for nitrite
goes from 574 to 425 mg/L. Concerning the MAPE, the nitrate reaches
a value of 4.3%, the sulfate a value of 20.1%, and the nitrite a value

12

of 17.3%. Concentrations below 1000 mg/L are associated with the
highest prediction errors, as the signal of interest is so low that errors
may occur in either the baseline correction procedure or the Gaussian
fitting feature extraction. It is possible to observe, for the nitrate, a large
reduction in prediction errors, with the MAE decreasing from 154 mg/L
to 67 mg/L, and the MAPE from 32.8% to 15.3%; the sulfate did not
seem to improve the results for this concentration range, due to the
presence of some outliers as detailed in Appendix. Finally, the nitrite
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Fig. 14. SNR improvements for (a) nitrate, (b) nitrite, and (c) sulfate.

improved from a MAE of 977 to 736 mg/L, and a MAPE going from
208.1% to 159.5%.

7.7. Comparison with state-of-the-art approaches

The typical application of ML to RS is to enhance its qualitative
capabilities to identify and classify a set of substances, as recently
performed by Post et al. [33,34]. North et al. [35] applied Raman
spectroscopy to the quantification of organic substance in water. Nev-
ertheless, as mentioned in our recent review paper on the topic of RS
for nitrate detection [23], there are still limited contributions related
to ML-assisted qualitative detection joint with quantification of nitrate
and inorganic substances in water samples. The typical machine learn-
ing approach is composed of a pre-processing pipeline with baseline
correction and peak removal, and smoothing, followed by an optional
dimensionality reduction step, which could be a Principal Component
Analysis or a feature extraction protocol, as in our case, followed by
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the machine learning model. On the other hand, the deep learning
architectures can work without the need for pre-processing steps, on the
condition of enough input data, which enables the model to learn an
adequate pre-processing algorithm. The common deep learning models
have a backbone based on one-dimensional convolutional operations.
Even though the deep learning models have been shown to increase
the performance over traditional machine learning approaches, they
are based on the availability of thousands of spectra for the training
process; additionally, they lack interpretability. In the presented ex-
periments, the available number of spectra did not enable to build
a complex deep learning architecture, which could suffer an issue of
overfitting and low generalization capabilities with a small number of
training examples. Thus, data scarcity was overcome by employing a
simpler set of models, taken from traditional machine learning, with a
feature protocol that enables the interpretability of the results.

When dealing with the quantification of nitrate with ML or DL ap-
plied to Raman spectroscopy, the existing contributions, to the authors’
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best knowledge, are a preprint [44], dealing with SERS assisted with
deep learning, and a recent publication by Lange et al. [26] on the
quantification of eight substances, including nitrate and sulfate, with
traditional Raman spectroscopy assisted by eleven machine learning
and deep learning models. Given the difference in the sensor technology
from the first study using SERS, a better comparison can be made
against the second study employing standard Raman spectroscopy.
There are some strengths and limitations in both the approach proposed
by Lange et al. [26] and the approach herein presented, and some key
differences that distinguish the two contributions.

Firstly, the acquisition campaigns are different, focusing overall on
different analytes, with different concentration ranges; we included
nitrate, sulfate, and nitrite, the latter being also the most challenging
analyte, whereas Lange et al. considered nitrate, sulfate, and six other
substances. A key difference is also in the concentration ranges: Lange
et al. considered a concentration range between 0 and 1000 mg/L for
nitrate, while our experiments extended the range to 15000 mg/L, and
focused more on the range above 1000 mg/L. Concerning sulfate, Lange
et al. considered concentrations between 0 and 6000 mg/L, similar to
our range in the training set (between 254 and 5066 mg/L). Secondly,
the training, validation, and testing split choice is different. Lange et al.
chose to perform a common 70/20/10 split with training, validation,
and testing sets drawn randomly from the same experimental condi-
tions. Thus, the authors chose to have both in training and testing
a mixture of substances. In their training set, 832 spectra contained
nitrate mixed with other substances, including sulfate; in their test set,
a total of 114 examples of nitrate spectra were considered, of which 86
included nitrate and sulfate. Instead, our analysis used as a training set
a simpler case with the presence of a single analyte with 80 spectra
of nitrate, and, as test sets, different experiments with mixtures of
analytes, with up to 330 spectra, including nitrate mixed with sulfate
and nitrite, to show the generalization capabilities of the employed
models. Our motivation is that the model used to quantify the target
substance can be built through a simple training procedure on lab-
controlled single analyte cases, and then generalized to more complex
scenarios, similar to real-world matrices, where the analyte will appear
mixed with other substances. Thirdly, our approach is similar to the
proposed machine learning pipelines in Lange et al. with the addition
of a feature extraction protocol that enhances the interpretability of the
results, as we obtain a linear regression curve relating the spectra peak
to the concentration of the substances.

Concerning a quantitative comparison of the results, [26] reported
as best results a mean AE of 10 mg/L over a concentration range be-
tween 0 and 1000 mg/L of nitrate, and 190 mg/L over a concentration
range between 0 and 6000 mg/L of sulfate. On the other hand, their
worst results were obtained for a machine learning pipeline, including
a baseline correction and a smoothing, with a mean AE of 50 mg/L for
the nitrate, and 380 mg/L for the sulfate, in the previous concentra-
tion ranges. A fair comparison of our approach and theirs is complex
because of the differences in the way the spectra are obtained, the data
set cardinality and concentration ranges, and the choice of training,
validation, and testing set splits. Moreover, our data set appears to be
noisier when observed using the same SNR figure employed by Lange
et al.: the authors reported peak values of the SNR distribution equal to
6500 and 8800, whereas our distributions, shown in Figs. 15(a), 15(b)
and 15(c), have a major peak value of around 3000.

Given the presence of many outliers and the low SNR in our dataset,
a fair comparison can be achieved by limiting the results to a high SNR
threshold of 6000, as in Table 8. In this case, the spectra summation
step is not performed. In total, 39 examples of sulfates and 28 examples
of nitrate are analyzed, given the concentration and SNR limitations.

Lange et al. [26] managed to obtain better results in terms of MAE
for nitrate for the “low” concentration range between 0 and 1000 mg/L,
with 10 mg/L of error against our MAE of 96 mg/L; concerning sulfate,
their best MAE amounts to 190 mg/L in a range between 0 and 6000
mg/L, and in the same concentration range our best MAE is 160 mg/L.

Our lower performance for the nitrate over the concentrations
below 1000 mg/L could be explained by:
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Table 8
Comparisons of MAE [mg/L] with a recent state-of-the-art approach.

our MAE [26] best MAE [26] worst MAE
nitrate (<1000 mg/L) 96 10 50
sulfate (<6000 mg/L) 160 190 410

1. the fact that Lange et al. considered only “low” concentration (0
to 1000 mg/L) for their training, and thus their models showed
better performances for this range;

2. Lange et al. had a greater number of samples in training with a
distribution of SNR shifted towards higher quality signals.

3. a training set and a test set drawn from the same experimental
conditions, being a mixture of analytes. Our study, on the other
hand, aims at showing the generalization from the single-analyte
to the multi-analyte case.

In fact, our results for the nitrate with signals of SNR higher than 6000
are similar across a large concentration range with 96 mg/L, 93 mg/L,
and 98 mg/L for concentrations lower than 1000 mg/L, between 1000
and 6000 mg/L and over 6000 mg/L respectively.

8. Conclusions

There is a necessity for fast, efficient, and simple methods for water
analysis to compensate for the spread of water contaminants due to
agricultural and industrial activities and allow in situ verification. Ra-
man spectroscopy has been demonstrated to be a tool for the qualitative
evaluation of pollutants in water matrices. Nevertheless, before it can
be used effectively for the purpose of contaminants quantification in
water, the physical limitations of the low-sensitivity RS optical trans-
ducer need to be addressed. The method proposed in this paper shows
how advanced signal processing can compensate for hardware noise,
environmental interference, and sensor drift, thus leading to an advance
in the RS measurement science.

In this work, Machine Learning acts as a virtual metrology layer,
translating a low-fidelity optical indication into a traceable measure-
ment result. This is achieved by correcting systematic bias (baseline re-
moval), reducing random uncertainty (spectral summation and smooth-
ing), ensuring robustness against instrumental drift (Gaussian param-
eterization). Then, as an application case of interest, the proposed
ML-assisted RS is employed for inorganic pollutant detection and quan-
tification. Nitrate, nitrite, and sulfate ions in water solutions have been
chosen as models for water pollutants and taken as case studies to
produce Raman data sets to be submitted to ML data elaboration. The
pre-processing and training are developed on training and validation
sets composed of single-analyte cases. Then, the developed approach
is tested on multi-analyte cases, featuring the displacement of Raman
peaks due to interionic interactions, allowing the generalization of the
approach in more complex cases. The use of ML allows to stabilize
the RS system output, by handling multi-analyte response interactions
and decoupling mixed Raman signals. This translates into improved
specificity in quantifying ternary mixtures (nitrate, nitrite, sulfate)
from a single optical channel. Outlier errors could appear for certain
concentrations depending on a failure of the pre-processing steps to
properly address the baseline wander, the presence of noise, and to
properly extract the Gaussian features of the analyte’s fingerprint.
For concentrations higher than 1000 mg/L of nitrate in a mixture of
analytes, the absolute percent prediction error is below 10%, reaching
values less than or equal to 5% at 15333 mg/L. The absolute percent
prediction errors for the nitrite are below 10% for concentrations over
1533 mg/L. Concerning the sulfates, the absolute percent prediction
errors are below or close to 10% for most examples after 1533 mg/L.

These good results are confined within the borders of this study,
but the proposed approach does not simply clean chemical data: it es-
tablishes an automated protocol to stabilize the Raman system output.
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Fig. 15. Distribution of SNR values computed as in [26]. For our distribution, the first (Q1), second (Q2), and third quantiles (Q3) are used to better understand
the difference with the other dataset. The distributions are divided per analyte: (a) nitrate, (b) sulfate, and (c) nitrite.

The methods herein applied appear to be promising in terms of Al-
driven soft-calibrating sensors, leading to optimization of the Raman
acquisitions, which pivots the technological development of low-cost
and portable Raman instruments, to be applied to water analysis and
beyond.
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Appendix. Results stratified by concentration

Table A.9 reports the test results on mixtures of analytes in terms of
MAE and MAPE stratified by concentrations. When the mean APE goes
under 10%, the cells are colored green, when the MAPE is between 10
and 20%, the cells are colored yellow, and for MAPE higher than 20%,
the cells are colored red.

It is possible to observe a general pattern of decreasing error as
the concentration increases for all the experimental setups. The lower
concentrations pose a major problem because the signal has a lower
intensity, impairing a proper Gaussian fitting over the fingerprint re-
gion. Analyzing the nitrate, it can be seen that for most of the cases,
the MAPE goes under 10% (green highlights) when the concentration
is above 1000 mg/L. This is clear in the experimental scenario H, where
above the threshold of 1022 mg/L, it is possible to observe MAPE that
go from 6.4% to 1.4%. A similar pattern can be seen for experiment D
(nitrate and sulfate together), where the MAPE starts to decrease under
the 10% threshold after 676 mg/L, going from MAPE of 8.2% at 845
mg/L to MAPE of 4.0% at 16.907 mg/L. Also, for the experiments E, F
corresponding to the nitrate and nitrite mixture, and the experiments
I, L, and M corresponding to the ternary mix with a ratio of 5:1:1 for
the concentrations, it can be noticed that a behavior of declining error
as the concentrations rise, with 1000 mg/L being the threshold above
which the model performs better. The issues for these experiments
are the appearance of some outlier examples that are associated with
greater MAPE, such as the 1916 mg/L and 7666 mg/L concentrations.

These outlier results are caused mainly by baseline shifts that are
not properly corrected by the proposed pipeline, as can be observed by
the examples in Figs. A.16(a) and A.16(b).
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Table A.9
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All results on test sets stratified by concentrations and analytes; MAPEs are colored based on a threshold of
less than 10% (green), less than 20% (yellow), more than 20% (orange).

Experiments nitrate [ sulfate nitrite
id ¢ Img/L] | MAE [mg/L] | MAPE [%] | MAE [mg/L] | MAPE [%] | MAE [mg/L] | MAPE [%]
E/F/G | 383 177 - - 1032
E/F/G 511 250 - - 1008
E/F/G 767 176 - - 677
E/F/G 1022 209 - - 1046
E/F/G | 1533 149 - - 1621
E/F/G | 1916 354 - - 214
E/F/G 3066 102 - - 244
E/F/G 3067 208 - - 754
E/F/G 3833 137 - - 344
E/F/G 7655 118 - - 271
E/F/G | 7666 955 - - 274
E/F/G 15333 158 579
D 422 88 - -
D 676 75 - -
D 845 69 - -
D 1690 81 - -
D 3381 102 - N
D 16907 679 -
H 255 193
H 51T T66
H 1022 | 118
H 1533 7
H 3066 | 139
H 7665 158
H 15333 216
I/L/M | 383 155
I/L/M | 767 167
I/L/M | 1533 133
I/L/M 1916 1242
I/L/M | 3067 87
I/L/M 3833 372
I/L/M 7666 805
I/L/M 15333 754
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Fig. A.16. The outlier in the experiments I, L, and M at concentration 1916 mg/L for nitrate: (a) spectra after baseline correction, (b) spectra after baseline

correction and fingerprint crop.

Analyzing the sulfate in the same table, it can be observed that a
similar pattern of declining error with the increase in concentration,
even though the linear model does not reach the same performance
as in the case of the nitrate regression, which can go near 1% for
the highest concentration scenarios. The best performances for the
sulfate linear model reach a MAPE between 3.4 and 9.6%. The outlier
performances in yellow between 10 and 20% also appear for relatively
large concentrations, such as 3833 mg/L, for experiments I, L, and M. In
these cases, as before, the pre-processing pipeline does not compensate
for the baseline shifts, leading to great errors in the final predictions.

Finally, the nitrite has a MAPE that goes under 10% after 1533 mg/L
for most of the considered cases. The issue with the nitrite is the shape
of its Gaussian curve, which is twice as large as the curve for sulfates
and nitrates and is more prone to noise. For the highest concentration
of 15333 mg/L, the MAPE varies from 2.1 to 7.3%. It can be noticed
that there are many cases of orange highlights with metrics of error
going over 20%. The I, L, M, and E, F experiments have large errors
until the 1533 mg/L. An outlier appears at 3067 mg/L and it can be
observed in Figs. A.17(a) and A.17(b). Even though it appears to have

16

a large linear baseline shift, the Gaussian fitting is working, and the
high degree of error observed is primarily due to the high noise in the
signal.

Table A.10 reports the new metrics AE and APE, along with the rel-
ative A, representing the difference between the error in the improved
SNR case and the MAPE for the previously analyzed cases. Major
improvements in the errors can be found in the lower concentrations.

Starting from the nitrate, for the H experiments, the orange high-
lights corresponding to 255 and 511 mg/L have an improvement of
39% and 8.7%, respectively; the MAPE for the 1022 mg/L goes under
10%. In the I, L, and M experiments, the previous outlier at 1916
mg/L has an improvement of 53%, reaching an APE of 11.9%. For
experiments D and E, F, most of the previous orange highlights in Table
A.9 improve to yellow or green highlights. The 422 mg/L in experiment
D has an improvement of 4.3%, reaching an APE of 16.6%, and the next
concentration at 676 mg/L has an improvement of 10.9%, reaching a
APE of 0.2%.

Concerning nitrite, in the previous experiments, the green highlights
appeared only after concentrations of 1533 mg/L. With the summation
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Fig. A.17. The outlier in the experiments I, L, and M at a concentration of 3067 mg/L for nitrite: (a) spectra after baseline correction, (b) spectra after baseline

correction and fingerprint crop.

Table A.10

Results after summation of spectra; the deltas of variation for the APE are included, and when negative are
related to an improvement; in italic are highlighted the increase in errors.

of spectra, it is possible to observe the appearance of “green” highlights
for concentrations of 511 and 1022 mg/L in experiment H, where even
for the lower concentration of 255 mg/L, the prediction error is slightly
over 20%; nevertheless, in the other experiments, the concentrations
below or equal to 1533 mg/L still have high prediction errors even with
a great improvement of in the APE. The issue of the low sensitivity for
the nitrite remains for the lower concentrations, and the summation
enhances the results for the higher concentrations, reaching errors
below 5% for concentrations higher than 1533 mg/L, for experiments
E, F, G, and H.

For the sulfate examples, the major improvements can be found for
the concentrations in between 1533 mg/L and 15333 mg/L for I, L, and
M experiments, where the prediction errors for the “yellow” outliers in
Table A.9 disappear, and overall, the prediction errors are declining.
However, in many cases, the averaging of the spectra does not seem to
produce a benefit. In the H experiment, the concentration 15333 mg/L
experiences a slight increase in APE while maintaining a prediction
error below 10%; a similar behavior can be found for experiment D with
slight worsening of the results. The reason why the summation of the

Experiments nitrate sulfate nitrite
id ¢ [mg/L] AE [mg/L] | APE [%] AE [mg/L] APE [%] AE [mg/L] APE [%]
E/F/G | 383 59 15.5 (-30.7) | - - 866
E/F/G 511 139 - - 629
E/F/G 767 36 — — 604
E/F/G 1022 60 — — 944
E/F/G | 1533 89 - - 904
E/F/G | 1916 360 18.8 (0.3) - - 153
E/F/G 3066 81 - - 204
E/F/G 3067 181 — - 692
E/F/G 3833 22 — — 304
E/F/G 7655 140 - - 257
E/F/G | 7666 532 - - 142
E/F/G 15333 101 - - 566
D 722 70 8.1 2.9 = -
D 676 2 14 (1.4) - -
D 845 57

D 1690 56

D 3381 123

D 16907 58

H 255 94

H 511 121

H 1022 78

H 1533 72

H 3066 115

H 7665 56

H 15333 37

I/L/M 383 89

1I/L/M 767 21

1I/L/M 1533 67

I/L/M 1916 227 11.9 (-53)

I/L/M | 3067 35

I/L/M 3833 82

1I/L/M 7666 616

I/L/M 15333 727
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spectra does not produce an improvement for the higher concentration
is probably based on the lack of examples of high concentrations of
sulfates in the training and validation set, which would have biased
the sulfate model towards a reduced amount of prediction error for
the lower concentrations. Moreover, some of the issues with baseline
correction could be amplified after spectra summation.

Data availability

Data will be made available on request.
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