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RADAR: Raman Spectral Analysis Using Deep Learning for

Artifact Removal

Joel Sjoberg, Nicoleta Siminea, Andrei Pdun, Adrian Lita, Mioara Larion, and lon Petre*

Raman spectroscopy is a non-destructive analytical technique that reveals
molecular vibrations, enabling precise identification of chemical compounds
and material properties. Its spatial resolution and compatibility with
microscopic imaging allow for high-resolution chemical mapping of
heterogeneous samples. However, spectral artifacts such as baseline drift,
cosmic rays, and instrumental noise complicate data interpretation,
necessitating correction. RADAR is introduced, two lightweight deep learning
models for artifact removal, capable of simultaneous denoising and correction
of Raman spectra, significantly accelerating high-quality data acquisition. The
models help reduce the data acquisition time by 90% while preserving signal
integrity, as demonstrated on noisy spectra from a diversity of samples,
biological and non-biological. These models are versatile and can be readily

1. Introduction

Spontaneous Raman spectroscopy is one
of the emerging techniques that produces
molecular fingerprints of materials that
are scanned without the need for sam-
ple preparation.['?] Due to inelastic scat-
tering being a rare event, low signal-to-
noise ratio prevents this technique from
widespread applications. To obtain a rea-
sonable signal-to-noise ratio, the acquisi-
tion time of a sample must be increased to
hours, which impedes the use of this ap-
proach in real time. One way to circum-
vent this is through the use of surface-

applied to novel Raman datasets, offering an order-of-magnitude
improvement in acquisition efficiency. This work advances Raman
spectroscopy as a faster, more reliable tool for chemical analysis, with broad
applications in materials science, biomedical research, and beyond.
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enhanced Raman spectroscopy, where a
gold or other metal nanoparticle acts as a
substrate that is capable of localized sur-
face plasmon resonance.l’] Although this
method provides an increase in signal in-
tensity by orders of magnitude, it is not re-
producible and has other drawbacks such as
the matrix effect and cytotoxicity when used with live cells.}] An-
other popular method to increase the sensitivity of spontaneous
Raman spectra is to use stimulated Raman spectroscopy.[**! This
technique is more expensive to set up and relies on the use of two
incident lasers: a pump laser at one frequency and a Stokes laser
ata different frequency. If the difference between these two lasers
matches the vibrational frequency of interest, the intensities of
the pump and the Stokes laser will be lowered (stimulated Ra-
man loss) and increased (stimulated Raman gain), respectively.
This increase in the Raman spectrum leads to very fast imaging
of tissue or cells. However, this method produces an image of
one frequency at a time, leading to collecting images of different
time points, and therefore limiting its applicability for dynamic
processes that change over time.

Another way to increase the signal-to-noise ratio of sponta-
neous Raman spectra is through denoising and artifact removal
techniques. High-quality artifact removal techniques are vital for
Raman spectroscopy, improving spectral quality for unknown
compound identification and ultra-fast imaging.l°! Furthermore,
improving the speed of signal processing is highly desirable for
spectroscopic techniques because it has the potential to speed up
analysis and produce fast responses that are suitable for clini-
cal settings. Such progress is revealed in this study, resulting in
the minimization of acquisition time. The artifacts targeted in
this work are the baseline shifts, sporadic cosmic rays, and back-
ground noise. Their removal reveals the underlying signal peaks,
which are highly informative of the chemical fingerprint of the
analyzed sample.
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The signal components of Raman spectra are the peaks (P),
the baseline (B), the cosmic rays interference (CR) and the noise
(N). Areas where the intensities steadily increase and then de-
crease following a local maximum in intensity are called Ra-
man peaks (P). These information-rich peak areas offer a quan-
titative insight into the molecular content of the sample.l”] Tt
is vital to extract P with high precision, such that all peaks in-
side a sample can be reliably compared within the spectrum and
across multiple spectra. However, other components of the spec-
tra may obscure P, complicating this analysis. Baselines (B) can
shift the relative intensity between Raman peaks as a result of
environmental light, sample emission, or even the instrument
itself.l?

Cosmic rays (CR) are sporadic particles emitted from the sun
and outside our solar system which cause abrupt high-intensity
frequencies or “spikes” in the spectrum.®] The noise (N) typically
originates from sporadic factors related to instrument calibration
and the environment.

Preprocessing of Raman spectra is a well-studied topic and sev-
eral methods exist to implement it. Baseline correction is often
approached as an optimization problem where B is an approx-
imately polynomial line, as is done, for example, in the Mod-
Poly and IModPoly algorithms.[>1% An alternative is the bubble-
fill algorithm!'!] that computes the baseline by expanding ovals
(bubbles) until they touch the spectral line and leaves a baseline
following the base of the spectrum. Zhang et al.*?] introduced
the adaptive iteratively re-weighted penalized least squares (air-
PLS) algorithm for baseline correction, using an adaptive weight
measure to avoid P signals while computing B. Concerning CR
removal, the approach in Ref. [13] is to replace CR signals with
the mean of the surrounding intensities by applying a modified
z-score to the spectrum derivative. Another alternative is to re-
quire a set of spectra be used for comparison to remove the CR
signals.[** The Savitzky-Golay filter!**! is a popular choice for de-
noising and can be applied to identify and remove both N and CR
through a sliding window approach.

The latest approaches in this field apply deep learning mod-
els to remove the need for user-specified parameters which tra-
ditional methods require. Deep convolutional neural networks
were used in Ref. [16, 17] to remove all components and leave only
the P signals. Furthermore,['*!8] included the ability to remove
the baseline of the spectra and therefore designed their models
to produce two outputs. A common trend in most of these models
is the use of densely connected layers as the last layers where the
output is produced. This leads to improved model predictions,
possibly because the entire input is processed by all layer neu-
rons. However, the inclusion of dense layers also results in a dras-
tic increase in the number of model parameters. Furthermore,
these layers require a fixed input and output size, limiting the
use of the model to a certain spectral length defined by the devel-
oper. Auto-encoders (AEs) have been used in combination with
convolutional layers to achieve localized decision making while
reducing the size of the models in terms of their parameters.
AEs aim to encode the input signals into a lower-dimensional
latent space which can then be used to decode the information
into the original input space, preserving as much relevant signal
as possible.['*19] Deep learning requires tremendous amounts of
data to properly learn distributions and avoid overfitting. The so-
lution is to use custom synthetic data generators able to supply
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models with massive amounts of synthetic data,['*1820-24] with
real data used to validate the models. Generative adversarial net-
works (GANSs) have also been used to synthesize data and remedy
data limitations present in the medical field.?>?] To evaluate the
performance of denoising models, the signal-to-noise ratio (SNR)
is often used to express the prevalence of signal in spectra. In
particular, this is useful for comparing the ratio before and after
denoising to quantify the improvement in signal quality relative
to the reduced noise intensity.!1819.26.27]

We developed RADAR, two new lightweight deep learning
models capable of simultaneous denoising and correcting Ra-
man spectra, with the goal of increasing the speed of high-quality
data acquisition. We used the convolutional neural network ar-
chitecture to obtain the smallest models currently known for Ra-
man spectra denoising and correction. We designed the models
to be able to process variable-length spectra and to disentangle
the spectra simultaneously into their four distinct components
B, CR, N, P. To train the models, we implemented a synthetic
Raman spectra generator that combines the four independently
generated components B, CR, N, P into a full Raman-like spec-
trum (Figure 1). The synthetic generator allowed us to have the
ground truth values for the four components of Raman spectra,
which made it possible to train the RADAR models as supervised
machine learning projects, and to compare the performance
of our models against several benchmark models in various
setups.

We also tested the performance of our models and of
the benchmark models on real datasets, biological and non-
biological. The data we acquired specifically for this project in-
cluded glioma samples (both noisy signals from formalin-fixed,
paraffin-embedded glioma tumor samples, as well as cleaner sig-
nals from live glioma cell samples), samples of single-walled car-
bon nanotubes and of zinc sulfates. Additionally, we analyzed two
Raman datasets acquired by others, using different spectrome-
ters and acquisition protocols, on chondrosarcoma cancer sam-
ples, and on albite and augite minerals.

While the ground truth for the four components B, CR, N, P is
obviously available for the synthetic datasets, it is not available for
the real world datasets, making the evaluation of the models on
such data more difficult. Without the ground truth, conventional
error metrics such as maximum error and root mean square
error could not be applied. Instead, we assessed how different
methods estimated the noise level and the information-rich sig-
nal within the spectra. To facilitate this analysis, the datasets col-
lected in-house were acquired at varying exposure times. Since
longer exposure times are expected to yield higher signal-to-noise
(SNR) ratios, this provided an indirect means of validating model
predictions. This strategy also enabled us to rank the different
models by their estimated SNRs, further demonstrating the ef-
fectiveness of our approach. We demonstrated that our mod-
els can reduce the exposure time by 90% while improving the
SNR.

2. Results
2.1. Synthetic Generator of Raman Spectra
We implemented a mathematical model to synthesize Raman

spectra of arbitrary length through the combined contribution

© 2025 The Author(s). Advanced Optical Materials published by Wiley-VCH GmbH

85U8017 SUOWILLOD @A 181D 3|cedl[dde 8Ly Aq peusenob afe sejole O ‘88N JO S3|NJ o} Akeid18UIIUO /8|1 UO (SUOIPLOD-PUR-SLLBY/LI0D A8 | 1M ARIq 1 BUI|UO//SdNL) SUORIPUOD pUe SWwie | 8u 89S *[5202/80/TT] Uo AriqiTauliuo A8|im My jo AisieAlun Aq 982005202 WOPe/Z00T OT/I0p/Wod A8 | 1M Aiq Ul |uo peoUeApe//Sdny WOy pepeojumoa ‘0 ‘TL0TS6TZ


http://www.advancedsciencenews.com
http://www.advopticalmat.de

ADVANCED
SCIENCE NEWS

ADVANCED
OPTICAL
MATERIALS

www.advancedsciencenews.com

www.advopticalmat.de

I Lol dduly by
P | o~ il
Generate the four components: baseline, cosmic rays, peaks, noise
Synthetic Raman Spectra Generator
11 B _
> -
— ._/’\//_\'/-\
1 [ T I T R TR TR
PO TR S U1 Y Y N Y B
e PO Y
N Mo AN N
Convolutional Neural Networks Separated Components

Deep Learning

Figure 1. Our algorithmic design. a) We designed a generator to synthesize Raman spectra (in black, four different examples) through synthetic baselines
(B, blue in the top-left of each of the four examples of synthetic spectra), cosmic rays (CR, in purple), noise (N, in blue) and peaks (P, in green)
components. b) We used the generator to train two deep learning models to extract the B/CR/N/P components of real Raman spectra. We evaluated
our models on synthetic data, on biological samples (paraffin-embedded glioma tissue samples, live glioma cells, chondrosarcoma samples) and non-
biological samples (albite and augite minerals, single-walled carbon nanotubes, and zinc sulfate).

of the four components B, CR, N, and P. The ability of having
four explicit components of a spectrum and of quickly generating
large datasets of millions of Raman spectra of arbitrary length
was crucial for training the deep learning models for Raman
correction and denoising: having the ground truth of the syn-
thetic data allowed us to measure the errors of the machine
learning models and to optimize their training. The precise
ground truth values of the four components cannot be ob-
tained for experimentally acquired spectra, given their sporadic
nature.

The generator creates four synthetic spectral components B,
CR, N, and P and combines them into a synthetic spectrum.
The generated spectrum is obtained by adding the B, CR,
and P components. We applied max-normalization to each
spectrum by dividing all its values to the maximum value, a
necessary and standard step in preparing data for machine
learning. The noise component N is then added to be able to
experiment with different signal-to-noise ratios. The length
of the synthetic spectra is variable and can be changed by the
user from the default value of 1000 in our freely available
code (https://seafile.utu.fi/d/80db1f613ef74da0a050/ Seafile
and  https://github.com/JoelSjoberg/Comprehensive- Raman-
Spectral-Analysis- Using-Deep-Learning/tree/main Github).
Diverse examples of synthetic spectra are in Figure 1a and in the
Figure S1 (Supporting Information).
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2.2. Deep Learning Models for Spectral Correction and Denoising

We designed and trained two deep learning models to reliably
and accurately decompose Raman spectra into their four com-
ponents. We aimed to have the models applicable without re-
training on spectra of variable length, and to have as few learn-
able parameters as possible. We tested their performance on sev-
eral Raman datasets collected from biological and non-biological
materials.

We trained our models on synthetic spectra, using our gener-
ator to rapidly produce synthetic training data on-the-fly. To pre-
vent overfitting, we trained the models using a learning rate decay
for 12 epochs. In each epoch, batches of 100 synthetic spectra are
generated 200 000 times, resulting in a total of 20 million spec-
tra generated for each epoch. In total, both models are trained
on 240 million synthetic spectra. This number of data points is
roughly 34 times larger than the number of parameters in our
larger model (585,299).

One of our models used a standard convolutional neural net-
work (CNN) architecture with a four-component output, one
for each of the spectral components of the input. The out-
put returning N is calculated as a simple subtraction between
the original input spectrum and the predicted B, CR, and P-
vectors. This means that the N-predictions of the standard model
do not have dedicated learnable parameters. The architecture
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* 10,000 spectra
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+ Noise intensities amplified
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Spectral denoising

« Kazemzadeh et al: B, P subtracted from inpuN

* Savitzky-Golay filter: window size = 5,
polynomial degree = 2, noise = input -
denoised spectrum

+ Barton et al: normalized input multiplied with
500 (best output stability on our dataset), split
into 2 parts of 600 to apply the model on each
of them (was designed for spectra of L = 600),
parts concatenated by taking for the

overlapping region the first part, and divided
Kby 500 J
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» Kazemzadeh et al: CNN retrained with their
code

» Wabhl et al: input normalized (by subtracting the
mean of each spectrum), multiplied by 256 and
divided by individual norm, then min-max
normalization

Figure 2. The evaluation protocol of our models against several benchmark literature models. A test dataset with 10,000 synthetic spectra was generated,
with their explicit baselines, peaks, cosmic rays, and noise components saved. The extraction of each of the components was evaluated against the ground

truth and against the predictions of the relevant benchmark models.

of the standard model is shown in the Figure 2 (Supporting
Information).

Our other model used an ensemble architecture, with a series of
convolutional neural networks feeding into each other, each fo-
cused on identifying specific components of the input spectrum.
This model has 280,592 parameters. The architecture of the en-
semble model is in the Figure 3 (Supporting Information).

2.3. Model Evaluation on Synthetic Datasets

We evaluated both our models on their ability to extract the com-
ponents B, CR, N, and P. We compared our models with sev-
eral literature benchmark models, with the evaluation design in-
dicated in Figure 2. For this, we generated a synthetic test set
consisting of 10 000 spectra, with peak widths randomly selected
from the interval [10 300]. To add further variance to the synthetic
spectra, we instructed the generator to amplify the N intensities
of the test set. The synthetic spectra have a length of 1024, which
is the spectral length that the recent models of Refs. [16] and [27]
used, rendering it directly applicable for their models as well. To
evaluate the performance of the model, we used the maximum
error metric, which captures worst-case error over all frequencies
in the spectrum, i.e., the largest absolute difference between a
predicted value and its corresponding target value:

_ _ /
MaxError = g}g |Y(f) Y (f)| @
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where y(f) denotes the true intensity of the spectrum at frequency
f, and y'(f) is the predicted intensity at the same frequency. We
also tracked the root mean square error (RMSE), a score function
indicating an aggregated mean deviation from the ground truth
over all frequencies in the spectrum:

N

() - v(H)’ )

f=1

RMSE =

z|=

2.3.1. Baseline Correction

We evaluated the extraction capabilities of our models for B and
compared them with standard methods designed to detect B,
such as airPLS,[?!] ModPoly and IModPoly,*l and the bubble
fill algorithm.['!] Although these methods are generally appli-
cable to a diversity of spectra, we found that the parameters of
these methods require fine-tuning, depending on their input. We
tested many setups of different parameters and chose the param-
eters which gave an overall minimal error for all generated spec-
tra. We selected the standard parameters lambda of 100 and p-
order of 1 for airPLS, a polynomial degree of 5 for the ModPoly
and IModPoly methods, and a minimum bubble width of 75 for
the bubble-fill algorithm.

We also compared our models with the cascaded deep learn-
ing model of Kazemzadeh et al.l'! Their model was trained us-
ing transfer learning with the U-net model to extract B and P.
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Figure 3. The performance of the models extracting each of the four com-
ponents of synthetic Raman spectra. The small blue line inside the box
displays the mean value of the metric and the orange line displays the me-
dian. a) Baseline extraction, b) Cosmic ray extraction, c) Noise extraction,
d. Peak extraction, e) Signal-to-noise ration improvement.

The model includes a smaller network at the end to perform
denoising. The Kazemzadeh et al. model contains 21,671,810 pa-
rameters, a much higher number than our models, and is trained
to accept spectra with diverse intensities. The model maintains
the scale and ratio between the B and P vectors, which makes
it comparable to our models on normalized spectra, with the
exception that input spectra need to be scaled up to keep the
model predictions stable. We rescaled our generated spectra to
a maximum intensity of 1000, to make them compatible with
the type of input spectra expected by the Kazemzadeh et al.
model.

The performance of the B-extraction in all these benchmark
models is shown in Figure 3a and in the Table S1 (Supporting
Information). The comparison shows that our models are capable
of identifying the baselines with a mean maximum error score of
less than 0.1 for both models, which outperforms the competing
methods. The variance of the scores shows that our models have
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highly consistent behavior in this regard, maintaining a low vari-
ance for their error scores.

2.3.2. Cosmic Ray Removal

We compared our models with the method presented by
Whitaker and Hayes!"! for the removal of CR. They accom-
plish this by computing the modified z-score of the first deriva-
tive of the input spectrum. A cutoff point is then used to de-
termine the location of the CR signal around which the spike
is replaced with the mean of the surrounding intensities. Fur-
thermore, we extracted CR-predictions from the Kazemzadeh
et al. model by subtracting the ground truth B vector from their
predicted B. Their model was not designed to extract CR, but
we found that this method yielded good results. The results are
shown in Figure 3b and in the Table S2 (Supporting Information).
The comparison shows that our models maintain low RMSE and
maximum error scores, while the method by Whitaker and Hayes
has comparative mean and median with more outlier values and
more examples in the fourth quartile. The Kazemzadeh et al.
model had a larger error score for both RMSE and maximum
error.

We further examined the effect of CR-predictions in terms
of the number of CR present in the input spectra. We evalu-
ated model performance on a version of the synthetic data de-
void of CR signals. We then iteratively increased the number of
spikes present and evaluated again until a total of 100 CR signals
were present in the input spectra. The results are available in the
Table 3 (Supporting Information). We found that there were only
marginal difference between the models. The Whitaker method
had the most difficulties in removing them likely due to the
reliance on standard deviation from surrounding wavelengths
which can be affected when the number of cosmic rays increases.
In extremely contaminated acquisitions we recommend, as a
practical measure, combining RADAR with hardware-level spike
filtering or initial pre-screening.

2.3.3. Peak Extraction

Following the advice of the authors of Ref. [17] (private commu-
nication), we retrained their CNN architecture, using their own
code, and included it in our comparison. To make the comparison
with the Wahl modell'”! feasible, we preprocessed the normal-
ized input spectra by subtracting the mean of each spectrum. We
then multiplied the spectra by 256 and divided each spectrum by
their individual norms. The Wahl model scales the P intensities
while attempting to reduce the N intensities, resulting in outputs
that do not preserve the original ratio between the spectra com-
ponents. To enable comparison with our models, we resolved to
Min-Max-normalize the outputs of the Wahl model and the target
values they are compared to.

Our models outperformed the Kazemzadeh model and the
Wahl model with a mean RMSE of 0.02 for the standard and the
ensemble models (Supplementary Material, Table 4). Likewise, the
max-error metrics showed that our models have lower max error
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than both competing models. The metrics of the Wahl model are
weaker in comparison to the other models, possibly because our
synthetic data generator is somewhat different from the one for
which the Wahl model was designed.

2.3.4. Spectral Denoising

To evaluate the denoising effect of our models, we computed the
Signal-to-Noise Ratio (SNR) of the corrected spectra in addition
to the RMSE and max error metrics. In cases where both signal
and noise are represented by random variables, the ratio can be
defined as the mean value of the signal divided by the standard
deviation of the noise as utilized by [29]: where p, is the mean
value of the vector P in all nonzero locations and o is the stan-
dard deviation of the noise component of the spectrum. We ig-
nore the regions without peaks in the P-vector to avoid affecting
the mean value by zero-intensity regions.

We compared our models with several published methods.
We used the Kazemzadeh et al. model to produce P-, and B-
predictions on the input spectra and then subtract the predictions
from the input to get the noise vector as the remainder. For the
Savitzky-Golay filters, we selected a window size of five and a poly-
nomial degree of two for the method and then subtracted the de-
noised spectrum from the input to extract the noise. We also ap-
plied the autoencoder model trained by Barton et al.}*] to denoise
Raman spectra. This model was designed for spectra with 600
frequencies and, in our experiments, it provided stable output
predictions for spectral intensities between 0 and approximately
1000. To compare this model with the other ones, we resolved
to split each spectrum into two parts consisting of 600 frequen-
cies. We then applied their model on both parts to cover all the
1024 frequencies in the test spectra. The predictions were then
concatenated to get predictions for the entire spectral validation
set, with the first part covering the first 600 frequencies including
the overlap region. We multiplied the normalized input spectra
by 500 before splitting them and feeding them to the model. We
chose 500 since it provided the best output stability for the model
when denoising our datasets. The outputs were then divided by
500 to return to the original normalized scope. The results are in
Figure 3c and in the Table S5 (Supporting Information).

As shown in the box plots in Figure 3, our models outperform
the benchmark models in the maximum error and SNR metrics.
The Barton et al. modell'*l performed quite well on these data;
however, the ends of the corrected spectra were often skewed up-
ward, resulting in a penalty from the metrics. Likewise, the noise
it extracts also includes cosmic rays, further penalizing their met-
ric results.

Furthermore, we evaluated the models on datasets with spe-
cific SNRs to better compare model performances on specific
SNR values. The results of this experiment are shown in the Table
S6 (Supporting Information). The results show that all models
improve at a seemingly exponential rate as the SNR increases.
With this we were able to see that the models performed well on
spectra with SNR = 0.5. While improvements to the ratio could be
seen in the case of SNR = 0.1 we note that the signal is so sporadic
in this case that no useful signal can be extracted in practice. The
models maintain competitive performance across all SNRs gen-
erated with RADAR significantly outperforming them on higher
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SNR values as seen in the inter-quartile range between the mod-
els’ improvements to the SNR.

2.4. Model Evaluation on Experimentally Acquired Spectra

We further evaluated the models for their ability to extract the
different components of Raman spectra acquired experimentally
from diverse sources using various spectrometers and acquisi-
tion protocols. Specifically, we used data from chondrosarcoma
samples®*”) and a subset of Raman spectra of albite and augite
minerals.}132] We compared the RADAR models against those
by Kazemzadeh et al. and Wahl. The results are shown in the
Figure S4 (Supporting Information). For compatibility with the
benchmark models, all spectra were truncated or interpolated to
a fixed length of 1024 frequencies. In all cases, we found that
Kazemzadeh et al.’s model achieved performance comparable to
RADAR in predicting P-components. The B-predictions were less
straightforward, as Kazemzadeh et al.’s method removed both B
and CR signals simultaneously. Wahl’s model could not be di-
rectly compared to the others due to its peak-extraction-based de-
sign. Although the peak locations it identified were generally con-
sistent, the model frequently introduced small peak-like artifacts,
resulting in false positives in the output.

2.5. Model Evaluation on Data Acquired at Different Exposure
Times: Reducing the Acquisition Time

The exposure time when the material is scanned determines the
quality of the resulting Raman spectrum: the higher the expo-
sure time, the better the signal. However, longer exposure times
also require longer acquisition times for spectral data. Improved
denoising of the signal can reduce the required exposure time
for high-quality spectra, allowing for rapid sample scanning.**!
This can be a critical factor and a bottleneck in the application of
Raman spectroscopy in clinical settings, especially in the operat-
ing room.[**! We set out to test our models on spectra with vary-
ing exposure times to evaluate their potential to reduce required
acquisition times. We acquired four separate samples, biologi-
cal (FFPE glioma tumor samples and live glioma cells) and non-
biological (carbon nanotubes and zinc sulfate), each scanned at
several different exposure times. To apply the Kazemzadeh et al.
and Barton et al. models to these spectra containing 1738 fre-
quencies, we split the spectra into two pieces containing 1024
frequencies for the Kazemzadeh et al. model and three pieces
containing 600 frequencies for the Barton et al. model. We then
followed the same procedure as in the spectral denoising step,
resulting in N-predictions for the entire spectral dataset for both
models. Savitzky-Golay filters were also used to compare to a
standard method for spectral denoising on real data. For the Bar-
ton et al. model and for the Savitzky-Golay method, we removed
the baseline predicted by the Kazemzadeh et al. model to show
better contrast between our models and the competing methods.
We manually located the signal and noise regions in the mean
spectrum of each sample to compute the SNR for the raw data
and for each denoising model. The design of the evaluation is
summarized in Figure 4. The results show that the RADAR mod-
els and the Kazemzadeh et al. model are capable of reducing the
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For Wahl et al: split the spectra into 2 parts of length

For Barton et al: split the spectra into 3 parts of
length 600

Apply the Savitzky-Golay filter

Baseline correction

Identify the location of the signal and of the noise

areas from the mean spectrum /

Augite probe /

Generate a P vector

the predictions of the model

Add to it 1000 random combinations of B, CR, and N to obtain 1000 P* vectors
Use the models to predict the underlying P vector, repeat the analysis 500 times
Check the distribution of the predictions: the narrower the distribution, the more consistent

Figure 4. Evaluating RADAR's ability to reduce Raman spectra acquisition time. a) Raman spectra were acquired from two glioma tumour datasets, with
each sample scanned at multiple exposure times ranging from 5 s to 0.0025 s. b) Two non-biological samples (single-walled carbon nanotubes and zinc
sulfate) were also scanned at exposure times ranging from 5 s to 0.00167 s. c) Data were pre-processed according to the specific requirements of each
method. Following baseline correction, the signal and noise regions were identified using the mean spectrum of each sample. d) We evaluated whether
the models consistently extracted the peak vector even when the other three components exhibited variability.

exposure time in each case by approximately 90%. The metrics
are shown in the Figure 5 (Supporting Information).

2.5.1. FFPE Glioma Sample

We applied the models to Raman spectra of an FFPE glioma
tumor sample, scanned at different exposure times from 5s to
0.005s. To identify the tumor regions in the sample, we fol-
lowed the approach of Ref. [35]: we performed baseline correction
with our standard model and applied the DBSCAN algorithm to
the Raman spectra acquired with 5 s of exposure (the highest-
quality signal) to remove the non-tumor regions from the data.
In Figure 5, we display the distribution of the raw data for each
available exposure time of the glioma samples. We also show the
P-predictions for each of the models applied to this dataset. The
blue and green boxes overlaying the distributions represent ar-
eas of noise and signals respectively, displaying the regions used
to compute the SNR for each exposure time. The results of the
SNR calculations are in the Figure S6 (Supporting Information).
Our models, along with the Kazemzadeh et al. model, were able
to maintain a high SNR until the exposure time of 0.25 seconds.
We concluded that all models were able to extract good quality P-
predictions when evaluating spectra with exposure times as low
as 0.5s, a 90% reduction from the total 5s of exposure time.

2.5.2. Live Glioma Cells Sample

We applied the same computational protocol to the Raman spec-
tra extracted from live glioma cells, with exposure times ranging
from 2 s to 0.0025 seconds. The resulting SNR boxplots are in
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the Figure S7 (Supporting Information). All models were able to
reliably extract the signal while reducing the exposure time from
210 0.25s, an 87.5% decrease in exposure time.

2.5.3. Two Non-Biological Datasets

To further quantify the improvement in reducing the required
exposure time we evaluated the models on two additional non-
biological datasets: a single-walled carbon nanotube probe and a
zinc sulfate probe, with each sample scanned at various exposure
times ranging from 5 to 0.00167s. The single-walled carbon nan-
otubes were randomly dispersed into a glass matrix. This sam-
ple is a good source of carbon and we selected it because carbon
has a big Raman cross section corresponding to a sharp peak at
around 1600 cm™'. The zinc sulfate probe contains intrinsically
a lot of water, leading to many peaks at frequencies between 200
and 1600 cm L. The boxplots for denoising the carbon nanotubes
and zinc sulfate are presented in Figures S8 and S9 (Supporting
Information). We applied RADAR and all benchmark denoising
methods to these samples and computed the improvement in
the SNR across different exposure times. The results are in the
Figures S8 and S9 (Supporting Information). Our analysis shows
that RADAR achieves the highest SNRs. However, at lower expo-
sure times (where the noise level is higher), all methods fail to
improve the SNR compared to the raw data.

2.5.4. Saliency Maps

Saliency maps are used in machine learning, especially in com-
puter vision, to identify and visualize which parts of an input are
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Figure 5. The distributions of spectra extracted with different exposure times. The transparent gray area in each plot is the distribution of the spectra,
while the thicker black line is the mean of the distribution. The red and green boxes overlaying the distributions represent areas of noise and signals
respectively, displaying the regions used to compute the SNR for each exposure time. a) The spectra and P-predictions of the FFPE glioma sample.
b) The spectra and P-predictions of the live cells sample.
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most influential for a model’s prediction. They help interpret and
explain deep neural networks, particularly convolutional neural
networks (CNNs). They are simple to compute, being based on
gradient calculations, but they are sometimes noisy and hard to
interpret.3®] They are most often used for classification prob-
lems, but can in principle be used, as we do here, also for regres-
sion problems.?”! This method can strengthen the explainability
in image classification models.***° Recently, this method was
utilized by Ref. [40] to compute saliency maps for Raman spec-
tra classification models, promoting their use on 1-dimensional
spectral datasets. We computed the saliency maps of the four
raw materials available in this study for the ensemble and stan-
dard RADAR models to examine the explainability of their P-
predictions. For each sample, we extracted 100 spectra and com-
puted the saliency map with respect to the center of the manually
identified peak areas. We then normalized each of the saliency
scores and took the median of the resulting score vector. These
median saliency vectors showed good alignment with peak posi-
tions and consistently low saliency in non-P regions, indicating
that both models successfully focus on the relevant input features
when predicting P. The saliency maps are shown in Figure 10
(Supporting Information).

3. Discussion

There is a fast growing literature on new machine learning mod-
els for baseline correction and spectral denoising. The models
we propose in this study are a contribution to this effort and,
to our knowledge, the smallest state-of-the-art models currently
available. High-quality preprocessing of Raman spectra is essen-
tial to their broad applicability. This involves accurate extraction
of the four components (B, CR, P, and N) and the ability to pro-
cess spectra of variable length. Having access explicitly to the four
components (rather than just to the peaks, the information-rich
component) is important in calibrating and validating the experi-
mental assay. Dealing with spectra of variable length between dif-
ferent assays implies either changing the preprocessing setup, a
computationally expensive and time-consuming step, or having
the computational tools agnostic to the spectral length. In this
study, we proposed a solution that addresses these problems, in
the form of RADAR, two deep learning models for artifact re-
moval in Raman spectra.

Through our models, users can easily process spectra of any
length, gaining the ability to extract each component from the
spectrum to analyze them, allowing for a transparent method ca-
pable of showing exactly how each component contributes to the
input spectrum.

Our models are trained on millions of synthetic spectra offered
by our synthetic generator. The trained models are accompanied
by our open-source code to make it possible for users to refine
them for wildly different types of peak widths, originating from
different application domains than the medical setup we were
motivated by. By providing an open source generator alongside
the RADAR models, we support continued efforts in this field.
This includes addressing specific constraints of the spectrometer,
of the acquisition conditions, and of the materials being scanned,
that may require model fine-tuning for domain specific tasks not
accounted for in our model training. To the best of our knowl-
edge, ours are the smallest models currently known in the litera-

Adv. Optical Mater. 2025, 2500736 2500736 (9 of 14)

www.advopticalmat.de

ture for simultaneous denoising and spectral correction, making
them less prone to overfitting and easier to use while maintain-
ing competitive performance to proven state-of-the-art models.

In virtually all synthetic Raman generators, Gaussian and
Lorentzian curves are commonly used to generate both B and
P. This raises a question about the ambiguity between P and B
during the signal extraction phase. This means that one impor-
tant aspect of these models is whether B and P are consistently
extracted by the models. In cases of extreme overlap or low signal-
to-noise ratio, some ambiguity will certainly remain, an inherent
limitation in both model-based and traditional approaches. We
tested however the results of our models under less extreme con-
ditions. We designed an experiment intended to measure how
consistent the model results in P were when applied to spectra
skewed by different components B, CR and N. The experiment
was designed as follows: generate one P vector, then generate
1000 unique combinations of random B, CR and N vectors to
be added to a copy of P to offer us a test set of 1000 uniquely dis-
turbed P vectors denoted P*. We then used the models tested in
this work to extract P from each P*. The purpose of this exper-
iment was to check how each model extracts P and whether or
not the predictions remain consistent compared to P*. To mea-
sure the consistency of the model predictions, we used the stan-
dard deviation, the absolute value of the z scores and variance
measured for each predicted frequency P. The mean values of
all metrics were then calculated and used to denote how much
the predictions vary from each other. The z score was suitable for
this task as it denotes the distance from the average measured
in units of the mean. A value of 1 or larger is considered an
outlier, whereas a value less than one denotes normality and is
therefore consistent with the average prediction P. Variance also
describes the tendency of predictions to differ between the dif-
ferent predictions. We measured variance in two different areas
for each model’s predictions on the 1000 disturbed spectra: one
where the generated P had non-zero intensities, and the other
where P had zero intensities. Consistency can then be measured
as the tendency of each model to vary in both signal and non-
signal regions, combined with the z-score and standard deviation.
We performed this experiment 500 times, each iteration gener-
ating novel P and its corresponding 1000 P*-vectors. The main
steps of the experimental design are shown in Figure 4D). The
performance of our models compared to the Kazemzadeh et al.
and Wahl models in this setup for the first generated P-vector is
shown in Figure 6. Also displayed in Figure 6 are the boxplots for
z-score, standard deviation, and variance throughout all 500 tri-
als. Based on this experiment and the boxplots in Figure 6 we can
see that the z-scores varied drastically for all models throughout
all 500 trials. The Kazemzadeh et al. model managed to achieve
low mean z-scores for most trials but has a comparable second
and third quadrant to our ensemble model, which has the low-
est maximum z-score. The variance (measured atlocations where
the generated P-vectors contained signals) also showed the strug-
gle that the Kazemzadeh et al. and Wahl models have in produc-
ing consistent P-predictions. The standard deviation (taken over
all frequencies of the predicted spectra) mimics this trend, show-
ing a slight advantage for our standard architecture. Overall, all
models performed well with the exception of the Wahl model,
which struggled to provide consistent outputs for the P* vectors
(Table 7, Supporting Information).
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Figure 6. The consistency of the ensemble, standard, Kazemzadeh et al. and Wahl models, measured through the standard deviation, absolute z-score
and P-variance for 1000 randomly generated P*-vectors. The generated spectra are shown in the lower left corner with the gray area displaying the
distribution of all generated 1000 spectra for one trial. The last row contains the mean metrics taken across the 500 trials.
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RADAR managed to outperform established methods and
other machine learning methods for baseline correction. Both
model maintained low mean max error (standard: 0.06, ensem-
ble: 0.08) compared to Kazemzadeh et al. (0.37) on our synthetic
data. The metrics for cosmic ray removal were similarly improved
(standard: 0.15, ensemble: 0.14) over the competing Whitaker
method (0.19). For denoising, we identified an improvement in
max error (standard: 0.15, ensemble: 0.15) and SNR in RADAR
(standard: 3.45, ensemble: 4.94) over the max error of Savitzky-
Golay filters (max error: 0.28, SNR: 1.22) and the Barton et al. de-
noising CNN model (max error: 0.31, SNR: 1.18). For synthetic
spectra with a SNR of 0.5, our models significantly increased
SNR to 3.11 and 2.73 for the standard and ensemble models re-
spectively. For identifying peak intensities, our models achieved
lower mean max errors (standard: 0.09, ensemble: 0.10) than
Kazemzadeh et al. (0.15) and Wahl (0.71). The variance when
measuring consistency between predictions on a P vector manip-
ulated by different components was low for RADAR (standard:
0.0008, ensemble: 0.0008) relative to Kazemzadeh et al. (0.0012)
and Wahl (0.0024). On Raman spectra extracted from real ma-
terials, we identified peaks and noise regions manually to esti-
mate the true N and P vectors which we then used to compute
max error metrics and SNRs. When predicting P both RADAR
models and Kazemzadeh et al. maintained competitive perfor-
mance. For SNR on the raw spectra, our models managed to im-
prove the SNR better than all competing methdos in three out of
the four materials analyzed. The carbon nanotubes sample was
problematic for all machine learning methods to improve in all
cases except for the maximum exposure time of 1 second, where
the ensemble model produced the greatest increase in SNR. In
cases where the exposure time was decreased, none of the avail-
able methods managed to improve the SNR beyond the SNR of
the raw data.

One of the key strengths of RADAR is its ability to output
interpretable components, including the baseline, noise, cosmic
ray artifacts, separately from the purified signal. In practice,
these components can indeed be visualized alongside the raw
input spectrum, enabling users to directly assess what the
model has subtracted or preserved. This visual transparency is
especially valuable in clinical and industrial settings, where in-
terpretability and trust in automated processing are essential. An
example of such a visualization is in the Figure S4 (Supporting
Information).

4. Experimental Section

Synthetic Data Generator: The data consisted of spectra made out of
four different generated components. The generator synthesized base-
lines, cosmic rays, noise, and peaks independently, and then adds their
frequencies together to generate the full spectrum. It was designed to
work with spectra of arbitrary lengths. A diagram of the generator is in
Figure 7.

Baselines: The baseline component B was modeled based on five
basic types of baseline (linear, sinusoidal, polynomial, Gaussian, and
Lorentzian), following.[*1 Each baseline we generated was the sum of a
variable number (one to five) of baselines, each of a different type. This
variable combination of functions were chosen to synthesize a more di-
verse set of baselines. The resulting spectrum was then max-normalized
to obtain a final baseline spectrum with a maximum intensity of one. The
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method of Ref. [41] focused on generating five different baselines based
on the following mathematical functions:

1. Linear: f(x) = ax + b;

2. Sinusoidal: f(x) = sin(ax + b);

3. Polynomial: f(x) = a,x" + a, _x"~ " + ... + ag;
_(r—b)?

4. Gaussianf(x) =age 22 ;

5. Lorentzian f (x) = %m

This approach was expanded by defining parameters to generate di-
verse and stable versions of the listed baseline functions 1-5 for variable
lengths without dependence on preexisting data. The functions defined on
the interval [0, 1] were considered. For the functions 2-5, the variety was
further increased by normalizing their output to be within the [0, 1] interval.
A scale variable and an offset variable were then defined to scale down the
values of the baseline and impose an offset from a minimum value of zero.
Furthermore, to expand the complexity of the functions obtained, a base-
line was considered as the sum of five random functions 1-5. This aims
to avoid eventual overfitting to baselines which strictly follow the patterns
of 1-5 and enables the identification of more complex baselines.

Cosmic Rays and Noise: Cosmic rays were generated as a list with 0-
entries, with a length defined by the parameter L set to 1000 by default.
The parameter m was used to denote the maximum number of cosmic
rays in the spectrum, with a default value of 30. Cosmic rays were inserted
into the list at random indices. The generator first generated a random
number of cosmic rays U’ (0, m). Then it generated a random index for each
cosmic ray of U°(0, L). Finally, the intensities of the spikes were generated
randomly from U°(0, 1). The random nature of this algorithm indicated
that the number of cosmic rays, their positions in the spectrum, and their
intensities were all diverse from output to output. This component was
max-normalized so that its values were in the interval [0, 1].

The noise was generated as a line with L points, where each point was
drawn from a normal distribution N'(0, sd) where sd was a small random
floating-point number U7 (0, 0.1). The points on the left and right extrem-
ities of the noise vector were set to 0. This eliminated the ambiguity of
where the baseline correction should start and end on the spectrum.

Peaks: The peak component (P) consisted of a random number of
peaks, each of random width between 16 and 256. Each peak was inserted
into a random place in the spectrum. The final P component was obtained
as the sum of the generated peaks, followed by a max normalization step.
Note that several peaks, possibly generated using different mathematical
functions, could get combined in some parts of the spectrum, offering a
more diverse set of functions for this component.

The peaks were generated by randomly choosing Gaussian, Lorentzian,
and pseudo-Voigt curves with randomly adjustable widths. These func-
tions were often used to simulate spectral peaks.[2%?'1 A maximum num-
ber of peaks m,, with a default value of ten was given as a parameter to
the generator function, after which a random number is drawn °(0, m,,)
to determine the final number of peaks. Every peak was inserted into a list
of zeros in a similar fashion to cosmic rays and noise.

The versatility of this synthetic generator was in the ability to generate
a diverse set of spectra that have their peaks obscured by a wide variety of
artifacts. Each component was separated from the others, which means
that wdata points and labels were generated for supervised learning tasks.
Data were synthesized with a diversity of signal-to-noise ratio values by
multiplying the noise and the signal components by independent random
values. As a final step, the generator scales every element by measuring
the maximum value of the summed synthetic spectrum. Then it divided
the synthetic spectrum and each component by the measured value. This
preserves the relative scale of every component with respect to the sum
of all components. This means that any model trained using this gener-
ator could handle spectra that were Min—-Max normalized. Min—Max nor-
malization was a common preprocessing technique that avoids exploding
signals in neural networks by scaling the input values to the closed inter-
val [0, 1]. Using this method, the problem of modeling was simplified for
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equalto 0

Figure 7. Overview of the synthetic data generator for Raman spectra. Baseline, cosmic rays, peaks, and noise are generated independently. 1) Spectral
length can be freely chosen, with a default length of 1000 data points. 2) The baseline is created as a random sum of 1to 5 curves, each selected from
linear, sinusoidal, polynomial, Gaussian, or Lorentzian functions. The resulting baseline is max-normalized (i.e., scaled so the maximum is one and the
minimum is 0). A random number of cosmic rays (default: 30) are added, each with a random intensity and placed at a random index. The result is
max-normalized. A random number of peaks (default: 10) are generated. Each peak has a randomly chosen width (between 16 and 256 frequency units)
and a shape selected from Gaussian, Lorentzian, or pseudo-Voigt functions. Peaks are inserted at random positions and may overlap. The result is
max-normalized. 3-4) The baseline, cosmic rays, and peaks are summed together and the combined signal is again max-normalized. 5) Gaussian noise

(mean 0) is added to the spectrum.

the generated spectra and guarantee stable model performance on spectra
processed by Min—Max normalization.

Two Deep Learning Architectures: Core structure: Two different deep
learning architectures were used to extract the B, CR, N, and P components
from the input spectra with length L. Both models used convolutional lay-
ers from input to output layers, with the aim of keeping the total number
of parameters as small as possible. The schematic differences between
them is shown in Figure 8. The lack of dense layers allowed the networks
to work with variable input lengths, a novelty and a useful feature for Ra-
man denoising models. The benefit of dense layers was that information
from every frequency in the input spectrum could be used to devised the
output. The downside of using dense layers was that the number of param-
eters easily explodes, leading to models that could easily overfit to training
data. To allow for information from the whole input layer while avoiding
dense layers, each model employed two sequential convolutional layers
meant to reduce the size of the input spectrum. The result of these layers
was a latent representation of shape (L, 256) which was truncated via a
global maximum pooling layer to a vector of shape (1, 256). The dot prod-
uct between this and the input of shape (L, 1) was then calculated, leading
to a latent representation of shape (L, 256). By expanding the dimensions
of this representation to (L, 256, 1), 2D convolutions were employed on
this representation. By using two of these 2D convolutions, while keeping
a large stride on the middle dimension, the model was allowed to use mul-
tiple representations of the input at once. A latent representation of (L, 1,
F) was obtained, where F was the number of filters computed by the mod-
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els (20 for the standard model and 10 for the ensemble model). The shape
of the latent representation is (256, 1) for the standard model and (144, 1)
for the ensemble model. For all 1D convolutions, a padding technique was
used that extended the input to the left and to the right with flat lines, i.e.,
for a spectrum with signal [i, ..., j] the left end was padded with i-values
and the right end with j-values. This was done to avoid cases where ker-
nel activations were disturbed due to sharp shifts at the extremities of the
input spectrum. Each 1D convolutional layer was succeeded by a batch
normalization layer followed by a leakyReLU activation layer, the output
layers being the only exception to this pattern. Each model had four out-
put layers, one for each component. The B and P outputs used average
pooling layers to smooth the output before returning it. The B, CR and P
outputs used ReLU activation, and the N output used the tanh activation
function to preserve negative noise intensities.

Standard Architecture: The standard architecture resembled a stan-
dard multi-output CNN. After using the dot product mentioned above, the
representation was reshaped to (length, 20) which was then processed
by two 1D convolutional layers, leading to a latent representation with
a maintained shape (length, 20). Three independent 1D convolutional
layers were then used to compute the output for the B, CR, and P
components. The N component was then computed by subtracting each
predicted component from the original input. Then each component
was returned in the following order: B, CR, N, and P. This model was
the larger variant of the two, containing a total of 585,779 parameters.
In each layer following the dot product layer, the convolutional layers
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Figure 8. Simplified diagram of the standard and the ensemble model ar-
chitectures. Both architectures share a common structure (in gray) com-
posed of convolutional layers, batch normalization, and LeakyReLU acti-
vation. In the standard model, the noise component N is not predicted
directly; instead, it is computed by subtracting the predicted cosmic rays
(CR), baseline (B), and peak (P) from the input. In contrast, the ensem-
ble model includes an additional CNN pipeline (in green). This second
pipeline takes the CR and B predictions from the first pass as input and
processes them further (together with a specific internal representations
of the first pipeline, indicated with the green arrow) to generate refined
predictions of P and N. The detailed architectures are in the Supporting
Information (Figures 2 and 3).

all compute 20 filters. The output of B was smoothed using an average
pooling layer of size 33. The peaks were also smoothed with an average
pooling layer using a smaller pool size of four. A diagram showing the
architecture of this model is in the Figure 2 (Supporting Information). The
code for the trained model, including the numerical setup of all layers,
is available on https://seafile.utu.fi/d/80db1f613ef74da0a050/ Seafile
and  https://github.com/)oelSjoberg/Comprehensive-Raman-Spectral-
Analysis-Using-Deep-Learning/tree/main Github.

Ensemble Architecture: The ensemble architecture is based on the
sequential subtraction of each component from the input, using the
residue to predict the next component. The model begins by using the
structure described above, the dot product strategy, before estimating B
and CR. This model used an average pooling layer in order to provide a
smooth representation of B. The predicted B and CR were then subtracted
from the input. This residue vector was then fed through another pipeline,
again using the dot product and 2D convolutions to be processed by
two 1D convolutions before two independent 1D convolutional layers
each process the latent representation to predict P and N. In this model,
all components were predicted using learnable parameters to stabilize
model training. In addition, a residual connection was made between
the parts of the model predicting B and CR and the other part predicting
P and N. This link helps to avoid the vanishing gradient problem while
slightly accelerating the training process. The model was smaller than the
standard model, containing 280,592 parameters. Each component output
used an ReLU activation function, in place of the LeakyReLU activations in
the preceding layers, to guarantee a minimum output signal of 0 (N being
the only exception to this, using the tanh function). A diagram showing the
composition of the ensemble model is in the Figure 3 (Supporting Infor-
mation). The code for the trained model, including the numerical setup of
all layers, is available on https://seafile.utu.fi/d/80db1f613ef74da0a050/
Seafile and https://github.com/JoelSjoberg/Comprehensive-Raman-
Spectral-Analysis-Using-Deep-Learning/tree/main Github.

Model Training and Validation: The models on synthetic spectra were
trained with 750 wavelengths and a maximum of five peaks. These values

Adv. Optical Mater. 2025, 2500736 2500736 (13 of 14)

www.advopticalmat.de

were chosen to accelerate the generator since a shorter spectral length
could be generated faster. The shorter length also allowed for larger base-
line slopes, which helps the model to adapt to more drastic baseline
changes. The widths of each generated peak were set as a random value
between 5 and 256 pixels wide. These values were chosen to allow for as
much diversity in the spectra as possible. The models were validated on
synthetic spectra with 2000 wavelengths and with peak widths between
5 and 300 pixels wide. This was intended to evaluate the model’s perfor-
mance on spectra of a different type than those used in training: longer
and with potentially wider and narrower peaks.

Code Availability

The code, data, and models developed in this project are avail-
able on https://seafile.utu.fi/d/80db1f613ef74da0a050/ Seafile
and  https://github.com/JoelSjoberg/Comprehensive-Raman-
Spectral-Analysis- Using-Deep-Learning/tree/main Github.

Supporting Information

Supporting Information is available from the Wiley Online Library or from
the author.
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