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The mutual incompatibility of distinct spectroscopic systems is among the most limiting factors in laser-induced
breakdown spectroscopy (LIBS). The cost related to setting up a new LIBS system is increased, as its extensive
calibration is required. Solving this problem would enable inter-laboratory reference measurements and shared
spectral libraries, which are fundamental for other spectroscopic techniques. We study a simplified version of this
challenge where LIBS systems differ only in the spectrometers used and collection optics but share all other parts
of the apparatus and collect spectra simultaneously from the same plasma plume. Extensive datasets measured
as hyperspectral images of a heterogeneous rock sample are used to train machine learning models that can
transfer spectra between systems. The transfer is realized using a composed model that consists of

a variational autoencoder (VAE) and a multilayer perceptron (MLP). The VAE is used to create a latent
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Accepted 24th January 2023 representation of spectra from a primary system. Subsequently, spectra from a secondary system are mappe

to corresponding locations in the latent space by the MLP. The transfer is evaluated using several figures of

DOI: 10.1039/d2ja00406b merit (Euclidean and cosine distances, both spatially resolved; k-means clustering of transferred spectra). We

rsc.li/jaas demonstrate the viability of the method and compare it to several baseline approaches of varying complexities.
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1. Introduction

Laser-induced breakdown spectroscopy (LIBS) is an optical
emission spectroscopic technique with rapid real-time sensing
capabilities, providing reliable qualitative and semi-
quantitative analysis. LIBS is gaining traction as a laboratory
technique, e.g., for producing large (megapixel) high-resolution
(tens of um lateral resolution) hyperspectral images,"? with
great relevance in biological,® geological,® and industrial
settings.” LIBS is often preferred for in situ analyses owing to its
stand-off capabilities, robust instrumentation, and low
demands on sample preparation. Consequently, LIBS is being
used for extraterrestrial exploration, namely in the ChemCam
device on the Curiosity rover,® SuperCam on the Perseverance
rover,” and MarSCoDe on the Mars rover (Tianwen-1 mission).?

As a trade-off for its instrumental robustness, LIBS exhibits
a high sensitivity to changes in the analyzed target's topography®
and matrix."® More importantly, LIBS is significantly affected by
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the changes in experimental conditions (such as ablation'**> and
collection geometry"). A complete list of physics-related factors
responsible for the structure of spectra is beyond the scope of this
work and was described elsewhere. The most prominent and
easily recognizable changes in the spectrum's structure can be
attributed to the spectrograph and camera. Namely, spectro-
graphs commonly differ in their spectral range and resolving
power. Similarly, pixel size and the related quantum efficiency of
a detector affect the resolution and overall structure of detected
spectra. While the detector's response can be addressed by
intensity calibrations using standard light sources, corrections for
the spectrograph's impact remain elusive.

Problems with non-trivial signal dependence on experi-
mental conditions and instrumentation could be partially
neglected for a simple qualitative analysis. Tasks such as
element detection and sample classification require only
a wavelength position-calibrated spectrograph and a sufficient
resolution. Therefore, even cost-efficient spectrographs could
provide adequate performance for qualitative applications.*® In
contrast, a reliable quantitative analysis is significantly more
demanding, with the necessity of spectral intensity correction,
compensation for the matrix effects, and instrumental limita-
tions. A common practice is to create a calibration curve from
a set of known standards, which has limited extrapolation
reliability. An intriguing alternative to calibration curves is
calibration-free (CF) LIBS,'® where plasma emission models are
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used. Despite many efforts, the applicability of CF-LIBS to real-
world tasks and general experimental conditions is disputable.

The challenges described up to this point concerned
measurements on a single instrument. However, many applica-
tions would benefit from the cooperation of several systems and
the combination of their outputs, i.e. the transfer of data libraries.
A representative example is the ChemCam device mounted on the
Curiosity Mars rover that has an exact copy operating on Earth."”
The compatibility of measurements from two distinct systems is
the missing element for a trustworthy inter-laboratory comparison
and creation of shared spectral libraries in the LIBS community.
Both technical and physics-related limitations rule out generally
valid transfer (as spectral ranges and resolving power of detectors
may vary significantly). However, even a reasonable approximation
would have great potential for the practice.

A method we propose forspectral transfer is based on
a client-server relationship between a preferred primary system
and one or possibly many secondary systems. We use a varia-
tional autoencoder (VAE) to find a latent representation of the
primary system spectra, which is expected to abstract from the
specifics of the primary system. Then a multilayer perceptron
(MLP) is trained to map the corresponding spectral pairs from
the secondary system to the latent representation of the primary
system. The final model for the spectral transfer between the
two systems is obtained by joining the MLP with the decoder
part of the autoencoder. The transfer methodology is illustrated
in Fig. 1. It should be noted that the latent space is identical for
all participating secondary systems. As a result, the amount of
data that needs to be exchanged to include a new secondary
system or to enrich a possible shared library of spectra is greatly
reduced (as opposed to an approach where the full spectral
space of the primary system is shared and not only the latent
space), leading to multiple practical advantages. Additionally,
a shared, low-dimensional representation can be directly used
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to create shared calibration, classification, and clustering
models or to enhance any efforts directed toward the inter-
pretability of the data and utilized models. In future work, we
plan to expand on this point further by introducing physics-
relevant constraints on the latent space. Finally, the latent
space formed by the VAE can be used to generate new spectra.

We demonstrate that our methodology can efficiently
transfer spectra (secondary — primary) even when the
secondary system covers a considerably narrower spectral
region. The performance is evaluated on out-of-sample data
that were measured on a different day and location on the
sample. Using multiple figures of merit, we compare the model
to several baselines and provide a detailed analysis of the
results.

Note that to establish transfer between the primary and the
secondary systems, a one-to-one correspondence is required for
training spectra. A common solution for this requirement is to
use a set of shared standardized samples. A number of shared
samples and their spectral variability determine the efficiency of
the transfer. In practice, only a small number of shared samples
are being used (max. tens) due to cost and unavailability of
suitable standards. Even more, considering system fluctuations
between the measurements of the standards and experimental
error, the one-to-one correspondence is only approximate. We
propose a novel approach for obtaining matched pairs of
spectra, where we measure on both systems simultaneously
from the same plasma plume. While this setup imposes certain
limitations (e.g. a necessity of two systems being physically
present together during the training phase, tedious synchroni-
zation, etc.), it creates the possibility to obtain an unprece-
dented amount of unique spectral pairs. This, in combination
with the large-scale mapping of heterogeneous samples, allows
us to precisely study the performance and limitations of the
transfer between the given two systems.

Latent space

Fig. 1 Schematic representation of the proposed transfer methodology. A latent representation is obtained from the primary system and later
used for mapping spectra from the secondary system. Points from the latent space can be easily reconstructed back to the space of the primary

system.
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2. Related work

The spectral transfer between two systems is often a crucial part
of the so-called calibration transfer (CT), but the goal of each is
different. In spectral transfer, we aim to have a minimum
transfer error between predicted and real spectra on a given
system. CT is an analytical approach to create a shared calibra-
tion model, which is built on a single spectral database."® Note
that this generally does not require transferring all the data but
rather obtaining a specific feature response of the secondary
system. Alternatively, the calibration model can be built in a low-
dimensional embedding space, where data from both systems
are aligned." CT was extensively studied in various spectroscopic
branches (mostly in NIR and IR') but has emerged in LIBS only
relatively recently (see ref. 19 and 20). While the data complexity
varies between distinct spectroscopic techniques (e.g., the
number of effective features in NIR spectra is considerably lower
than that in LIBS*), transfer approaches are analogical and
extendable among the techniques.

Considering mainly the CT approaches that utilize some form
of the spectral transfer as a part of the process, the main
contrasts between our work and prior efforts are the possibility of
a higher discrepancy between studied systems and the use of
non-linear techniques (up to the exceptions mentioned below,
linear models were predominantly used in previous studies).

Similarly to our work, the authors of (ref. 22) transferred NIR
spectra from a system with a narrow wavelength range to
a broader one using the direct standardization (DS) method
(with various regularizers). Major drawbacks of the DS approach
are the impossibility to express a complex non-linear depen-
dency between systems and high computational space
complexity (scaling N x M, where N is the number of shared
data samples and M is the dimension of spectra). The latter
rules out its use for large shared datasets.

A non-linear approach (pseudo-autoencoder) was used in ref.
23 to transfer NIR spectra. However, the transfer was performed
only between systems with matching wavelength ranges and
similar spectral responses. Additionally, the term autoencoder is
used incorrectly in the mentioned work. The model's architecture
only resembles that of a standard autoencoder (by the presence of
a bottleneck), but it was not trained or used as an autoencoder
(i.e. for dimension reduction and reconstruction). The utilized
model is an extreme learning machine (architecture and forward
pass are analogical to the MLP but weights are not trainable),
which was shown to be significantly outperformed by MLPs
(trained by the stochastic gradient descent) for large datasets.>

In LIBS, CT was studied in ref. 19, as an example of a general
manifold alignment problem. The authors proposed a novel
method called low rank alignment (LRA) that creates a shared
low-dimensional embedding space, where the distance between
the corresponding spectral pair embeddings is minimized. LRA
was used for CT on ChemCam spectra measured at two different
energies, but the dimensions were the same for both setups. The
calibration model was built in the embedding space on high-
energy spectra and used for predictions on low-energy spectra.
The reconstruction from the embedding space to the spectral
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space of each system was not provided. The performance of the
transferred calibration model is only compared to another
manifold alignment technique (affine matching), but the abso-
lute value of RMSE is missing. Also, as the authors state, the
method has cubic time complexity w.r.t. a number of data
examples, which makes it unsuitable for large shared datasets.

Last to mention is our previous work,> where we used an
MLP to transfer spectra from the ChemCam to the SuperCam
to improve calibration models for studied oxides. We were
able to improve the RMSE over models that were trained solely
on the SuperCam system. The focus was placed on calibration
models, and the spectral transfer was not examined sepa-
rately. Furthermore, we experienced certain limitations in the
spectral transfer performance that are addressed in the
present work by adding an intermediate step to the process
(the VAE part).

The contribution of the present work is a novel spectral
transfer methodology based on deep artificial neural networks
(ANNs) that can process large shared datasets, works between
systems with reasonably different dimensions (from lower to
higher), and allows to connect more secondary systems to the
same primary system. In addition, we present a unique way for
obtaining unprecedentedly large datasets of corresponding
spectral pairs, which results in more robust models for the
spectral transfer.

3. Experiments and data

The LIBS instrumental setup consisted of two spectrometers
(each with its own collection system) synchronized for simul-
taneous measurements and sharing the rest of the instrumental
setup. Both spectrometers were Czerny-Turner type, with
partially overlapping spectral ranges of different resolutions
and sizes. Henceforth, we refer to the spectrometer with
a broader spectral range, its collecting optics, and the rest of the
instrumentation (laser, delay generator, ...) as an experimental
primary system. Analogically, the secondary system is the set
containing a Czerny-Turner spectrometer with a narrower
spectral range and shared parts. The collected datasets are
denoted by Xprimary and Xsecondarys respectively. The setup
diagram is shown in Fig. 2.

To ensure a large variability of training data, we selected
a heterogeneous rock sample (rare-element granitic pegmatite,
further described below) and measured it in a mapping regime
(i.e. raster over the sample surface, obtaining one spectrum
from each spot). Each row (spectrum) X; ,rimary corresponds to
the T0W X; secondary, I-€., there is a one-to-one correspondence
between the measurements, which were obtained from
a slightly different spot of the same laser-induced plasma.

The test sample was cut from a strongly heterogeneous rock,
classified as granitic pegmatite (locality Marsikov Dée).
Pegmatites are vein rocks specific by an extreme degree of
chemical and textural fractionation, resulting in large contents
of chemical elements that are otherwise rare in the Earth's
continental crust. These include especially e.g. Li, Be, F, Rb, Cs,
Ta, and Nb. The studied rock sample is mineralogically domi-
nated by three minerals: quartz, albite, and muscovite. In
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Fig. 2 Illustration of the experimental setup. All devices (laser,

motorized stage, and both spectrometers) are synchronized using
a digital delay generator (DDG).

subordinate amounts, it contains Fe-Mn garnet (almandine-
spessartine), beryl, and Nb and Ta-oxides (columbite, fermite,
and microlite).

All LIBS measurements were performed on a Firefly LIBS
system (Lightigo, Czech Republic). The Firefly was equipped
with a diode-pumped solid-state laser (266 nm, 5 ns, 50 Hz, 5
m]) used for sample ablation and plasma generation. The laser
beam was focused onto the sample (30 pm spot size) and
plasma emission was then collected using a wide-angle objec-
tive and through an optical fiber bundle (400 um core diameter),
where each of the fibers collected radiation from a slightly
different part of the plasma. Plasma emission was transferred to
both Czerny-Turner spectrometers. The primary system ranged
from 245 to 407 nm with a resolution varying from 0.035 to
0.046 nm, and for the secondary system from 260 to 370 nm
with a resolution varying from 0.023 to 0.032 nm (see Fig. 4).
The slit size was 25 pm for both spectrometers. Samples were
placed onto a computer-controlled motorized stage. Spectra
were acquired for each sampling position resulting in a raster
with 40 pm spacing for training and 20 pm for the test dataset,
in both X and Y axes.

The collected data from both systems were separated into
three datasets; the training dataset (used for model training),
the validation dataset (used for hyperparameter optimization
and model validation during the training process), and the test
dataset (used for final one-shot testing). To ensure that the
results are representative of the performance on unseen data,
each dataset corresponds to a separate measurement (out-of-
sample evaluation) of a hyperspectral image. Their respective
dimensions are 560 x 560 (training), 266 x 500 (validation),
and 500 x 500 (test). Note that the test dataset was measured on
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Fig. 3 Photograph of the measured mineral sample. The highlighted
regions correspond to the training, validation, and test datasets.

a different day than the training and validation datasets. The
sample photo with highlighted locations for each of the data-
sets can be seen in Fig. 3.

The training/validation/test datasets consist of 313 600/133
000/250 000 spectra (about a 45-20-35% ratio) with 4062 and
3872 features for primary and secondary systems, respectively.
For example, this means that the dimensions of the primary
training dataset are Xprimary€ R313600%4062 and
Xsecondary€ R313¢003872 for secondary. The combined size of all
the datasets is roughly 22 GB.

All spectra were baseline corrected by performing a sliding
minimum operation followed by a sliding Gaussian mean
smooth (window size 100 and smooth parameter 50).>° In
addition, each dataset was individually mean-centered and
scaled to feature-wise unit variance (standard scaling). This was
performed to compensate for the significant shift in the base-
line of the spectra from the training and the test datasets (see
Fig. 5). Since the dataset's original mean and variance can be
saved, this transformation is reversible and lossless. All results
are presented in the unscaled form. Selected examples of raw
and processed spectra are available in the Appendix.

4. Methodology

The envisioned application is to create a robust primary system
that will be used to represent spectra from possibly many
secondary systems. The primary system will be well-understood
and hold an extensive spectral library. Thus, to transfer spectra
between systems, we aim to find a mapping f: Xsecondary = Xprimary
that gives a corresponding primary spectrum for each measure-
ment in the secondary system. Considering the non-matching
spectral ranges and resolutions of the two distinct experimental
systems, the corresponding spectra Xprimary and Xsecondary mMay
differ significantly. Since the mapping between the two spaces of
different dimensions and spectral range coverages cannot be
generally found, we obtain an effective mapping f* Xsecondary —

Xprimary and utilize it for practical applications.

This journal is © The Royal Society of Chemistry 2023
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baseline.

We propose a two-step approach: using a VAE (see Section
4.2), we obtain a (low-dimensional) latent representation of the
data (denoted as Ly imary)- In the second step, which is repeated
for every secondary system, we train an MLP (see Section 4.1) to
map the Xgecondary Spectra to the latent space Lprimar- The
second step requires the one-to-one correspondence of training
spectra between the two systems. The ground truth vector for
the MLP loss function is obtained from coordinates in the
Lprimary (as illustrated in Fig. 6). Finally, by combining the
shared decoder part of the VAE with the newly trained MLP we

This journal is © The Royal Society of Chemistry 2023

get the desired mapping f. Parts of the proposed model are
further explained below, followed by the evaluation method-
ology and baseline models for comparison.

4.1. Multilayer perceptron (MLP)

ANNs are computational models defined by their architecture
and learning procedure.”” In general, they are composed of
formal neurons (defined by a set of weights and activation
functions) arranged into interconnected layers of set sizes - one
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Fig. 6 Schematic representation for the VAE and MLP. The latent
encoding of the Xprimary is shared with the MLP as the ground truth for
training. Values in the latent representation and neuron counts are only
illustrational.

input, one output, and possibly other hidden ones. These
connections form the architecture of the network. ANNs can
approximate any continuous function®® that relates the output
of a network to its input. The output of the network is computed
by a subsequent application of layers. Weights (i.e. parameters)
of the network have to be learned in order to make relevant
predictions, which is usually performed by a stochastic gradient
descent algorithm with backpropagation.” MLP* is a well-
established®** type of neural network architecture that is feed-
forward (i.e. connections between the neurons do not form
cycles) and fully connected (each neuron within every layer is
connected to all neurons in the subsequent layer, with the
exception of the output layer).

In this work, the model hyperparameters (architecture and
learning) were optimized on the validation data (see Section 3)
with a hyperband algorithm.*® The considered domains, as well
as other fixed hyperparameters, were selected heuristically,
using prior experience with processing of spectroscopic data,
along with non-exhaustive manual experimentation. The MLP is
composed of two layers. For the first (second) layer 2048, 1024,
512, and 128 (1024, 512, and 128) neurons were considered, and
128 (512) was chosen by the optimization algorithm as the best.

846 | J Anal. At. Spectrom., 2023, 38, 841-853
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The leaky ReLU activation function was used in every layer
except the last one that utilized a linear activation. Mean
squared error with L2 regularization was used as the loss
function. For training, the Adam optimizer was selected with
a learning rate of 1 x 10 *, which was optimized from the
following options: 1 x 107%,1 x 10™*, and 1 x 10~°. The model
was trained for 100 epochs with early stopping set on validation
loss and a batch size of 128. To reiterate, the inputs to the model
are the Xgecondary Spectra and the outputs are mapped as closely
as possible to the corresponding Ly imary embeddings.

4.2. Autoencoder (AE)

Autoencoders are unsupervised deep learning models commonly
used for tasks such as dimensionality reduction,* data denois-
ing,” and others.** Autoencoders are trained to encode and
reconstruct the input dataset with the stipulation that at some
point in the topology of the network there is a bottleneck (a layer
with a limited number of neurons).*” Using the bottleneck, we can
separate the network into two parts - the encoder that consists of
the bottleneck and the layers preceding it, and the decoder, made
up of the layers after the bottleneck. From the bottleneck, we can
extract a low-dimensional latent representation of the original
input (encoding). The encoder can be interpreted as an MLP
creating Lyrimary €ncodings from the model input. Similarly, the
decoder can be viewed as an MLP reconstructing the model input
from Lprimary, embeddings. It should be noted that the recon-
struction obtained from the autoencoder is lossy.

We used a variational autoencoder (VAE)*® that differs from
the standard AE by bottleneck regularization and sampling
from the bottleneck, in order to achieve desired characteristics
of the latent space. The aforementioned characteristics are
continuity (two “close” points should give similar results) and
completeness (for a chosen distribution of the latent space, any
point sampled from it should give meaningful results). In
practice, the VAE is trained to predict a distribution (defined by
its expected value and its variance), rather than predicting the
latent encoding directly. The distribution of the latent space is
regularized to fit the normal distribution centered at zero with
unit variance by using the Kullback-Leibler divergence.*®

Similarly to the MLP, the model parameters were optimized on
the validation data with a hyperband algorithm. The autoencoder
is composed of five layers, mirrored around the bottleneck. For
the first and last layer we considered the following options: 2048,
1024, 512, and 128, and out of these 1024 was chosen. For the
second and fourth (second to last) layers we considered 1024, 512,
and 64 neurons, from which 512 was selected. The bottleneck was
optimized to 64 neurons out of 3, 8, 32, and 64. The leaky ReLU
activation function was used in every layer except the last and the
bottleneck, which utilized a linear activation. Mean squared error
with L2 regularization was used as the loss function. The Kull-
back-Leibler divergence was scaled by 4-cycle linear annealing*®
going from 0 to 0.5. For training, the Adam optimizer was
selected. The learning rate was optimized to 1 x 10~ from the
following options: 1 x 1073, 1 x 10, and 1 x 10~°. The model
was trained for 50 epochs with a batch size of 128. Both, the input
and the output of the model are Xpmar. Note that for the

This journal is © The Royal Society of Chemistry 2023
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proposed model (MLP + VAE), the output (prediction) i X primarys
which is obtained from the input X;ccondary-

4.3. Benchmark models

We benchmark the model against common multivariate
regression baselines: a partial least squares regression model
(denoted as the PLS baseline) and k-nearest neighbors regressor
(denoted as the KNN baseline), described in Sections 4.3.2 and
4.3.1 respectively. Additionally, we also consider an MLP trained
to predict the X primary SPectra from the Xsecondary directly (one-
step MLP), described in more detail in Section 4.3.3.

4.3.1. k-Nearest neighbors regressor (KNN). The KNN
algorithm** is a simple non-parametric regression and classifi-
cation algorithm. To make predictions, it memorizes the entire
training dataset (both the inputs and the desired outputs), and
uses a distance metric (Euclidean distance in our case) to find
the k (10 in our case, which was found to be optimal by an
exhaustive search from 2, 3, 4, 5, 10, 15, and 20) most similar
training samples. The prediction is performed either by
a majority vote for classification or as a mean of the memorized
outputs for regression. We optimized the distance metric and
the number of neighbors to minimize the average Euclidean
distance between spectra from the validation dataset. After the
optimal k was found, we joined the training and validation
datasets and trained the model on the combined dataset.

4.3.2. Partial least squares regression (PLS). The PLS is
a regression technique commonly used in chemometrics.*> To
predict the desired output Y from the input X, PLS finds a latent
representation of X and performs linear regression in the newly
obtained space X'. The X' representation is found so as to maxi-
mize the covariance with the desired output Y. More detailed
description can be found in the relevant literature.** The main
hyperparameter, a dimension of the latent space, was optimized
to 16 by a grid search algorithm, and the following options were
considered: 2, 3, 4, 8, 16, 32, and 64. After optimizing the model
hyperparameters, we joined the training and validation datasets
and trained the model on the combined dataset.

4.3.3. One-step MLP. As an alternative to our composed
model (MLP + VAE), a simple one-step MLP transfer model could
be used. Such a model does not possess the desired latent space
but we provide it for a comparison. The one-step MLP was obtained
as a copy of the best-performing architecture for the composed
model (MLP and the decoder of the VAE). It was trained to predict
the X primary Spectra from the Xecondary directly, ie. without the
intermediate step (Xsecondary — iprimmy - X primary)- Effectively, the
one-step MLP has almost ten times (8.9) as many trainable
parameters in comparison to the proposed model (MLP + VAE).
Therefore, it can most likely outperform the proposed model, and
for applications where the transfer error is of the utmost impor-
tance, the one-step MLP model might be preferred. As a trade-off,
we lose the latent space (shared among all secondary systems) and
generative properties of the model. The one-step MLP model
requires significantly more data to be shared and stored between
the participating systems (in this case about 50 times as much).
The exact value of the compression ratio CR (from the perspective
of the proposed model) can be calculated as follows:
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Table 1 Comparison of the proposed methodology (VAE + MLP)
performance with selected baselines (Euclid and cosine distances are
averaged over the entire dataset)

(Euclid) (cosine) RSE k-score

VAE + MLP 4658.72 —0.9919 0.1219 0.9758
One-step MLP 4201.44 —0.9931 0.1021 0.9798
KNN baseline 17 437.70 —0.9075 1.8272 0.4495
PLS baseline 5141.14 —0.9917 0.1346 0.9670

MxN
CR= XN (1)
(MLN + P)

where N is the number of measured spectra, M is the dimen-
sion of the primary system spectra, M;, is the dimension of the
latent space (bottleneck), and P is the number of parameters of
the decoder. Additionally, the cost of introducing multiple
secondary systems is greatly increased, both in terms of time
and computational power, since each requires a new model to
be trained (as opposed to just training a new encoder).

4.4. Evaluation

We evaluate the performance (i.e. the discrepancy between the
primary spectra and their predicted counterparts from the
secondary system) of the methodology from the two basic points
of view that are relevant to the LIBS applications: first the
quantitative, and second, the qualitative analysis. We measure
the differences between X;rimary and predicted Xprimary spectra
using two distance metrics:
Euclidean distance of the i-th spectral pair:

where M is the number of measured wavelengths, x;; is the
intensity value on the j-th wavelength of the i-th spectrum and
;7 is the predicted value.
Cosine distance of the i-th spectral pair:
XiXi
x| - %]

Cosine; = (3)
where x; is the i-th original spectrum interpreted as a vector
and X is the i-th predicted spectrum. It ranges from 1 to —1,
where values closer to —1 indicate greater similarity, 0 indi-
cates orthogonality and 1 indicates opposite values. We then
average the results computed for each pair of spectra to obtain
a single value that represents the result on the entire dataset
()Euclid(, )cosine().

Additionally, we also calculate the relative squared error
(RSE) as:

N.M ~ \2
Zi:l,j:l (xiJ - fo')

NM — <\
Zi:l,j:l (xj - xiJ)
where M is the number of measured wavelengths, N is the

number of measured spectra, Xx;; is the actual value on the j-th
wavelength of the i-th spectrum, ¥;; is the predicted value and X;

RSE =

(4)
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Fig. 7 Comparison of total emissivity maps of Xyrimary (original) and Xprima,y (predicted). There is a visible decrease in overall intensity. Three
color-marked spots are used for representative spectral comparison below. Values outside the interquantile range Qg 99—Qo.01 are aggregated
together and displayed with the same color as the corresponding quantile value.
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Fig. 8 Spatial distribution of the euclidean and cosine distances. Values outside the interquantile range Qg 99— Qg 01 are aggregated together and
displayed with the same color as the corresponding quantile value.
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Fig. 9 Blue spot, from Fig. 5 (coordinates 408, 167). Muscovite (ideally KAlzSizO10(OH),; composition: K 9.8 wt%, Al 20.3 wt%, Si 21.2 wt%, O

48.2 wt%, and H 0.5 wt%). The original spectrum is from the primary system and prediction is from the secondary system.
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Fig. 10 Green spot from Fig. 5 (coordinates 46, 221). Albite (ideally NaAlSizOg; element contents: Na 8.8 wt%, Al 10.3 wt%, Si 32.1 wt%, and O
48.8 wt%). The original spectrum is from the primary system and prediction is from the secondary system.

is the mean of the actual values on the j-th wavelength. Intui-
tively, RSE represents the performance of the model relative to
the performance of a naive baseline prediction. Here, we chose
the mean spectrum of the test dataset as a naive-baseline. The
RSE ranges from 0 to inf, where 0 indicates a perfect recon-
struction, 1 indicates the same performance as the naive-
baseline, and values greater than 1 indicate performance
worse than the baseline.

Lastly, for the impact on the qualitative analysis, we train a k-
means clustering algorithm on the X imar, train dataset and

compare its predictions on the Xpimary, test and the corre-
sponding )?primary test measurements (i.e. spectra transferred
from the secondary to the primary system). A simple accuracy
metric was used:
1 N

k-score = v ;eq(ﬂ(xi), 6(x;)), (5)
where N is the number of measured spectra, 6(x;) and 6(X)
represent the predicted label on the i-th spectra from the

Xprimary and )?primary datasets respectively, and eqn: N—N:

7000 A original maximal error
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Fig. 11 Orange spot from Fig. 5 (coordinates 408, 365). Quartz (ideally SiO,; element contents: Si 46.7 wt% and O 53.3 wt%). The original
spectrum is from the primary system and prediction is from the secondary system.
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4.4.1. k-Means. k-Means (naive k-means, Lloyd's algo-
rithm)* is an unsupervised clustering algorithm designed to
partition the data into k distinct groups. Membership of
a sample in a cluster is decided based on the (Euclidean)
distance from iteratively refined cluster centers. The number of
partitions was optimized on the validation dataset to minimize
the silhouette score,”” a metric based on the inter-cluster
distance (average distance between the samples within the
same cluster) and the distance of all samples to the next nearest
cluster. Due to the computational cost, only a randomly selected
subset of 25 000 spectra (10%) was used for the optimization. k
= 4 was selected as the optimal number from the considered
options: 3, 4, 5, 6,7, 8, 9, 10, 15, and 20.

5. Results and discussion

In this section, we present the performance of the proposed
method compared to that of the baseline models in a one-shot
evaluation on the hold-out test dataset. The results of the
evaluation metrics (as described in Section 4.4) are listed in
Table 1. Both ANN-based models significantly outperformed
other considered models in all the error metrics.

A comparison between the total emissivity map of the
Xprimary dataset and the X’pﬁmanj can be seen in Fig. 7. It should
be noted that the spectra outside the interquantile range Qg 99—
Qo.01 are aggregated together and displayed with the same color
as the corresponding quantile value. This is performed to filter
out the outliers present in the data (the same approach is
repeated for each subsequent hyperspectral image).

The spatial distribution of the transfer error can be seen in
Fig. 8. Ideally, the error would be spatially invariant; however, it
is clear that this is not the case. The spectra with the highest
error are assembled on the borders of distinct matrices. This

850 | J Anal. At. Spectrom., 2023, 38, 841-853

follows from the under-representation of boundary spectra in
the dataset and contamination of the emission signal by the
previous measurements.

Qualitatively, the transfer was highly successful, and the sample
topology is well-preserved in the predicted map (see Fig. 7b).
However, some important features (spectral lines) are predicted
imperfectly. For the applications related to the qualitative analysis,
these errors are not significant, but for quantitative analysis they
could be considerable. To further investigate the prediction error
and its wavelength dependency, we selected three representative
spots, each from a different matrix present in the sample (see Fig. 7)
and compared the original and predicted spectra from these spots
(see Fig. 9-11). Predictions of representative spectra depicted in
Fig. 9 and 10 show a good performance of the transfer methodology,
where only a minor discrepancy between specific line intensities is
present. More significant reconstruction error can be seen in Fig. 11,
especially between 390 nm and 410 nm, where some lines are
missed in the prediction, and a couple of background wavelengths
are predicted with negative intensity. This error is representative of
most of the spectra of the same matrix. This is likely a consequence
of the background signal change (specifically for the test spectra of
this matrix), since the aforementioned line intensities are below the
background in the training dataset (see Fig. 5).

Lastly, we present the results from the k-means experiment
described in the methodology section. The hyperspectral images of
the test dataset were clustered into four clusters given by the k-
means model built on the training dataset. We compared predic-
tions on the original primary test and predictions from secondary
test spectra. Misclustered spots after the prediction are plotted in
Fig. 12. The k-score was 97.578, which demonstrates great potential
for qualitative applications of the methodology (including classifi-
cation tasks). Furthermore, the results show the robustness of the
proposed method and the ability to generalize when faced with
previously unseen data (even if they are coming from different
measurement and samples with different matrix/composition
ratios). However, they also reaffirm the suspected limitation of
predicting the spectra on the borders of distinct matrices.
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6. Conclusion

We have demonstrated the possibility of transferring spectra
from a secondary system (cost-efficient, narrow spectral range)
to a primary system (complex, broader spectral range) by using
a composed model based on deep artificial neural networks. A
simplified problem setup was employed, where the shared
samples are measured simultaneously using both systems. This
allows collection of unprecedentedly large shared datasets with
one-to-one spectra correspondence between the systems. The
methodology consists of a two-step computation, where first,
a latent representation of the primary system spectra is found
(by using a variational autoencoder), and second, spectra from
the secondary system are mapped to this latent space (by using
a multilayer perceptron). This procedure was trained and vali-
dated on large hyperspectral maps of a heterogeneous rock
sample. It was demonstrated that such a transfer is possible and
performs well even on unseen data from a different measure-
ment. The performance and limitations of the transfer were
evaluated by studying several metrics relevant to qualitative and
quantitative LIBS analysis. We found that the spectral transfer
will have only a negligible effect on clustering. Considering the
quantitative analysis, the transfer error is spatially dependent
and may negatively affect quantitative predictions about the
sample composition in underrepresented regions (especially for
boundaries between the matrices in the sample). Considering
the versatility of the utilized models, the methodology could be
further generalized to a different domain beyond the initial
training data (e.g. to train the transfer model on rock spectra
and fine-tune on metal standards).

Appendices
A: Data and code

Data are available at https://dx.doi.org/10.6084/
m9.figshare.20713504. The code is available at https://
github.com/LIBS-ML-team/libs-transfer-library.

B: Additional figures
See the ESL.}
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