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Abstract

Lithium compounds such as lithium hydride (LiH) and anhydrous lithium hy-
droxide (LiOH) have various applications in industry but are highly reactive when
exposed to moisture and C'O,. These reactions create new molecular forms, in-
cluding compounds such as lithium oxide (LiyO), lithium hydroxide monohydrate
(LiOH - Hy0), and lithium carbonate (LioC'Os3). These new compounds degrade the
effectiveness in applications using these compounds. The negative effects induced by
new lithium compounds creates a need for the ability to characterize the in-growth
of such compounds. To study these in-growths, this work will present environmen-
tal conditions such as heat, moisture, and the atmospheric conditions, as examples
of storage conditions. A pulsed laser and an echelle spectrograph are used in a
novel single setup to conduct both Raman spectroscopy and Laser-Induced Break-
down Spectroscopy (LIBS) in tandem. By employing spectroscopic techniques such as
LIBS and Raman spectroscopy, in conjunction with multivariate modeling techniques
(PCA ,PCR,PLSR,Random Forest), these various conditions will be explored. These
measurements and analysis techniques will enable collection of critical information
required for validation of modeling on environmental characterizations of the lithium
based compounds and their reactions that have significant implications on industrial

technologies, such as batteries, and nuclear security applications.
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Characterization of Environmental Conditioning of Lithium Hydride Using

Spectroscopy and Machine Learning

I. Introduction

Lithium compounds have been used in industries ranging from pharmaceuticals,
to batteries, to nuclear weapons, and in a variety of other manners [10, 11, 12, 13].
Specifically, Li H and the reactions and compounds that it can undergo are of interest.
LiH reacts with moisture to form LiOH, and then LiOH can form Li;C' O3 when
exposed to a source of carbon dioxide [14, 15]. These reactions can lead to a in-growth
of alternate forms of lithium compounds that degrade the usefulness and performance
for the intended application. The quantification of the degradation present in such
lithium compounds is thus desired by industries and other stakeholders.

This work employs two spectroscopic measurement techniques and uses various
analytical techniques to analyze the spectral measurements. The two measurement
techniques used in this study are Laser-Induced Breakdown Spectroscopy (LIBS)
and Raman Spectroscopy. The analytical approaches are multivariate analysis tech-
niques such as Principal Component Analysis (PCA), Principal Component Regres-
sion (PCR) and Partial Least Squares Regression (PLSR), and a decision tree model
known as Random Forest. Lithium carbonate as it relates to lithium hydride and
hydroxide has not been studied to the same extent that the hydrolysis of lithium
hydride to form lithium hydroxide has been [7, 8, 9, 16, 17, 18, 19, 20, 21, 22, 23, 24].
The reactions that form lithium hyroxide monohydrate and lithium carbonate will be
of particular interest in this experiment. While this experiment does not focus heavily

of the chemistry of these reactions, they are important to understand for interpreting



the spectral responses in this experiment.

1.1 Motivation

Lithium hydride is used in a variety of applications from everyday objects, such
as batteries, to highly controlled devices such as nuclear weapons [16]. For examples,
LiH rapidly provides gaseous hydrogen upon contact with water, which has been
studied for use in life preserving buoyancy devices [11]. Also, hypersonic flight has
recently been a important research topic, and LiH has shown great promise as a
coolant in such devices [25]. Lithium hydride has also been used as a moderator in
nuclear reactors, along with depleted uranium [10]. The primary challenge with LiH
is the ease at which it reacts and forms LiOH, Li,O and Li,COs5 [14, 15]. Since
the 1950s, LisO and LiOH have been studied extensively as related to LiH, but
Li,CO3 has not had the same level of study applied to it [16, 20, 22, 26, 27, 28,
29]. To enhance optimization of storage and use conditions, additional studies of
lithium carbonate formation from lithium hydride, lithium hydroxide, and lithium
oxide could be developed. However, these studies would need forensics analysis,
which can be difficult to obtain, especially outside of a laboratory setting. This
work hopes to present data collection and analysis techniques that could be used to
improve the capability of lithium compound characterization. In addition, this type
of characterization could be extended to various applications in industry and DOD

environments.

1.2 Background

This section will discuss the the chemical reactions involved in this work and the

background of the methods employed in this thesis.



1.2.1 Lithium Compounds

As stated before, lithium hydroxide and lithium oxide formation from lithium hy-
dride has been studied repeatedly since the 1950s [16, 20, 22, 26, 27, 28, 29]. LiH is
the lightest solid hydrogen storage material known. That makes it a prime candidate
for many applications of hydrogen storage where weight is of concern (e.g. space
exploration). However, overcoming the reactive nature with moisture in the environ-
ment limits it application usefulness. This is one reason the reactions between LiH
and moisture have garnered interest. LioC'O3 formation reactions are noted in mul-
tiple studies in the context of surface barriers and as a natural contaminant [28, 29].
However, its formation is not well characterized.

The reaction known to produce lithium hydroxide is described by the following
equations. It has been observed that at the boundary layer between the LiOH and
LiH the reaction shown in Eqn 2 occurs. The formation of lithium carbonate follows

the reactions in Eqn 3 and 4.

LiH + HO — LiOH + H,y (1)
LiOH + LiH — Li;O + H, (2)
Liy0 4 COy — LisCOs (3)
2LiOH + COy — LiyCOs + HyO (4)

While Eqn 4 is technically correct it actually skips and intermediate step which is

valuable in distinguishing certain stages of the reaction. The true reactant with C'O,



is LtOH - H50 or H3LiO5, known as lithium hydroxide monohydrate. This being the

case, the overall reaction can therefore be written as two steps [30]:

2LiOH + H,O = 2LiOH - HyO or 2H;LiOy (5)

Thus, for lithium hydride to have an in-growth of lithium carbonate in a sample,
the sample must first be exposed to moisture [29]. These various reactions provide
necessary compounds to be aware of when attempting to determine characteristics

within a lithium compound.

1.2.2 Raman Spectroscopy

Raman spectrocopy is a technique that is based on scattering of light and the
Stokes shifts that occur based light incident on compounds. The Raman technique
relies on off-resonant, nonlinear scattering to determine molecular composition of a
sample. Rayleigh scattering, which is a type of elastic scattering, is the dominant
scattering mechanism for any incident light while Raman scattering is much less
intense. To deal with excessive light saturating the camera, Raman spectroscopy
requires long integration times and special light rejection techniques to allow for a
view of the Raman spectral lines. The spectral lines of Raman scattering change
based on the excitation source. Otherwise the composition of the samples are easily
characterized based on the scattered light’s wavelength. This light is directed, using
optical mirrors, lenses, and fibers, into a spectrometer which separates the spectral
lines by wavelength in physical space. The intensity of each wavelength is measured

by a camera and thus a spectra is recorded. This is discussed in further detail in



Section 2.1.

1.2.3 Laser Induced Breakdown Spectroscopy (LIBS)

Laser induced breakdown spectroscopy is a technique which uses a pulsed laser
focused on a sample of interest. The laser ablates a portion of the sample, generat-
ing a laser induced plasma (LIP). As this super-heated plasma cools it emits light
based on elements present in the plasma, determined by the compound incident upon.
This light is directed, using optical mirrors, lenses, and fibers, into a spectrometer
which separates the spectral lines by wavelength passing through the grating in the
spectrometer. The intensity of each wavelength is measured by a camera and thus a
spectra is recorded. Due, to the atomic nature of the spectral lines, which could be
from multiple sources, a ratio of these lines to one another can be used to determine

relative concentrations of each element present in the sample.

1.2.4 Chemometrics

Chemometrics is "the chemical discipline that uses mathematical and statistical
methods to provide maximum chemical information by analyzing chemical data” [31].
The statistical methods employed in extracting information from the LIBS and Ra-
man spectra in this study are PCA, PCR, PLSR, and decision tree models. These
techniques are used to analyze the data and build models for predicting various in-
formation about samples. The results of these chemometric techniques will be used
to indicate various results or determined characteristics in samples.

Chemometrics in combination with LIBS has been shown to be a valuable process
to characterize samples [32, 33]. Using molecular information, similar to that gained
from Raman spectroscopy, predictive models have been created as well. These models

have been used to provided analysis for samples, using the fact that the models can



account for the molecular data [32, 33, 34, 35, 6]. By using the fact that various
combinations of molecular compositions will have corresponding spectra or certain
ratios of atomic emission peaks indicate a mixture, models can be used to predict

sample composition.

1.3 Research Objectives

This research hopes to quantify and predict characteristics of samples following
various environmental exposures. While studying the characterization of lithium
samples, the capability of Raman spectroscopy, LIBS or a data fusion of the two
will also be evaluated. In addition, differing models and their ability to evaluate
and model the data will be investigated. A special interest is placed on humidity
and temperature in this study and the varying responses LiH has when exposed to
different conditions.

Previously, work was done providing evidence that Raman spectroscopy and LIBS
are able to distinguish between various lithium compounds [36]. Thus, it is hypoth-
esized that both LIBS and Raman will effectively characterize lithium compounds
in pressed pellets for the environmental conditions in this study. This is also based
on the aforementioned successful use of chemometrics which demonstrated that LIBS
can be used for molecular composition analysis [33, 6]. By its very nature, Raman
spectroscopy provides a spectra that is molecule specific [37]. Raman spectroscopy
will likely provide a much better model (higher confidence, lower uncertainty) than
LIBS for lithium compound characterization. Using multivariate models and machine
learning for a given known environmental condition of a L¢H exposure in training
data, samples can test these models ability to quantify and predict characteristics of

environments.



1.4 Experimental Process Overview

The parent lithium compound LiH was exposed to various environments contain-
ing H,O and C'Os,, along with various temperatures. These environmental treatments
were performed on LiH, then the products were pressed into pellets for analysis. Next,
Raman spectroscopy and LIBS were used to analyze the pellets to form spectral data
sets. Raman spectroscopy was performed before LIBS, because it is imperative the
spectra be taken from a pristine sample. The ablation process perturbs the surface
of the samples which would then influence further measurements. Since Raman spec-
troscopy relies purely on scattering light, the samples are unaltered by performing this
technique. After Raman, LIBS was performed on the samples. Special care was taken
to ensure each position under analysis was unperturbed by any other ablation site.
Finally, the LIBS and Raman data were analyzed with the multivariate techniques:
PCA, PCR, PLSR, and Random Forest. Using these techniques, predictive models
were built and tested in their characterization capability to determine information

about various samples.



II. Theory and Literature Review

This section will discuss the relative information concerning Raman spectroscopy,
LIBS, the study of lithium compounds with relation to both, chemometrics, and the

data manipulation and analysis techniques used in this experiment.

2.1 Raman Spectroscopy

Although Raman spectroscopy has been used in recent works to study lithium
hydride hydrolysis products to include LiOH, LiD, LisO, and LiOH - HyO, the
present work explores effects of environmental conditions on lithium compounds [20,
8, 38]. Raman spectroscopy is a method that can identify the molecules present
in a sample. This is accomplished by observing the scattered light from molecular
vibrations and rotations following a monochromatic light source excitation. Raman
spectroscopy is a non destructive method using scattered light from the sample.

Raman scattering was discovered by Sir Chandrasekhara Venkata Raman. C. V.
Raman discovered when light is incident on a material, the majority of the light
interacts by elastic scattering while a small portion of that light interacts through
inelastic scattering. The scattered light does not retain the same wavelength or
intensity as the incident light [39, 40]. The scattering is considered to be Rayleigh
scattering is when the scattered light is of the same wavelength and energy as the
incident light. Raman scattering is the inelastic scattering in which a nonlinear optical
process occurs when the incident light interacts with a molecular state. After the
interaction with the light, the molecular state transitions it to a new molecular state
via a virtual state-involving absorption of the incident light and emission of light of
different colors. The process is nearly instantaneous and occurs on the same timescale

as the dominant Rayleigh scatter.



For Raman scattering, the rotational-vibrational (ro-vibronic) state of the molecule
is excited. This occurs through a transition to a virtual energy state followed by a
transition to another molecular ro-vibronic state, thus emitting a blue-shifted or red-
shifted light. These transitions are called anti-Stokes and Stokes Raman scattering,
respectively. Anti-Stokes emission lines will have a higher energy than the incident
light, and thus a shorter wavelength. The opposite will be true for Stokes lines [1]. A
visual representation for Rayleigh, Stokes Raman, and anti-Stokes scattering is seen
in Figure 1. Although many varieties of molecular vibrations that could take place in

typical Raman scattering, a summarized list of the fundamental vibrations is listed

below:

e stretching: a change in the length of the bond

bending: a change in the angle between two bonds

rocking: a change in angle between a group of atoms and the rest of the molecule

e wagging: a change in the plane between the plane of a group of molecules and

the plane of the rest of the molecule

twisting: a change in the angle between the planes of two groups of atoms

e out-of-plane: the atom moves in and out of the plane of the other atoms

e

=

2

b

=

w
Rayleigh Stokes Anti-Stokes
scattering Raman Raman

scattering scattering

Figure 1: Rayleigh, Stokes, and Anti-Stokes Scattering Diagram [1]



Raman scattering typically occurs approximately once in every ten million scat-
ters [39]. This makes detection or these scatters increasingly dependant of incident
light intensity. Any device attempting to observe and measure these rarer Raman
emissions would be saturated by the Rayleigh scatter long before the Raman lines
come into the limits of detection [39]. For this reason, special notch filters that reject
light of select wavelengths are needed in the optical setup for Raman spectroscopy.
This filtering allows Raman lines to be viewed with common detection cameras such
as an Intensified Charge-Coupled Device (ICCD). An example of a typical Raman

spectroscopy setup is shown in Figure 2

ccpD

Focusing
Lens

Beam —

Splitter Notch

Filter
Microscope

\_/ Objective
Sample —y)

Figure 2: Example of Raman Setup [2]

Traditional commercial Raman spectroscopy systems use a continuous wave laser
at low intensity. In order to achieve good signal, the sample and microscope objective
must be kept in isolation from any stray light, as it would interfere with the spectra.
Recently a novel setup was proposed by George and Shameem using a pulsed laser
coupled with an echelle spectrograph [41, 42]. The camera on the echelle spectrograph
is gated, and the relative intensity of the Raman scattered light, compared to the
room, is very high in the time frame of the pulse duration. The ambient light from
the room does not interfere, and thus eliminating the need for special dark rooms

[42]. This newer approach also allows the coupling of both LIBS and Raman in one
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experimental setup.

2.2 Laser Induced Breakdown Spectroscopy (LIBS)

LIBS is based on atomic spectral lines and a plasma’s formation and cool. Obser-
vation of atomic emission can be traced back as early as the 1500s where the it was
noted the color of flames changed with the introduction of different materials, specif-
ically in the smelting of metal ores where the change in flame color indicated when
the metal was ready to be cast [43]. Over the years, the use and precision of atomic
emission spectra advanced until plasma’s were used for atomic emission spectroscopy
in 1964.

For LIBS to work, a large energy fluence is needed on a sample. This is ac-
complished using a pulsed laser and optical lenses to focus a laser in both time and
space. When sufficient energy fluence is incident on a sample, the material becomes
super-heated and creates a plasma with ions, electrons and dissociated atoms. As the
super-heated plasma cools, a valence electron in a higher energy state returns to a
lower energy state in the plasma, and a photon is emitted with the corresponding en-
ergy [43]. These characteristic photons are captured, and their specific wavelengths
are the associated atomic spectral lines. Raman scattering which generates signal
only during laser excitation, however LIBS have a time evolution associated with the
plasma cooling that is paramount to understanding the timing needed for capturing
meaningful data. Th mechanisms involved in LIBS are not necessarily simple, but

the optical setup has relatively few parts as displayed in Figure 3.
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Figure 3: Example of LIBS Setup [3]

A LIBS spectra consists of discrete lines associated with the energy level transi-
tions, specific to the atom or ion. Measurements of intensities of spectral lines from

different atoms can be used to determine relative number densities of those respective

elements [5].
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Figure 4: Lithium Energy Level Diagram [4]

The emission lines of interest are lithium, oxygen, hydrogen, and carbon. Others
elemental lines may be studied depending on the various parameter that may change

within an experiment. For example, if a new buffer gas is used or any contaminants
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are known to be in the sample new atomic lines could provide important information.
Each of the possible elements in a sample have their own energy level scheme, which
determine the emitted spectra. As an example, Figure 4 displays the energy levels
for orbital electrons in neutral lithium and the wavelengths associated with these
transitions. In the case of LIBS, the laser induces a plasma when the energy of
the pulse is imparted on the sample of interest. Such plasma is known as a laser-
induced plasa (LIP), and the process is often called laser ablation. As stated before
understanding this process in critical to the use of LIBS and the collection of the

sample spectra.

2.2.1 Laser Ablation

In addition to forming a LIP, ablation also includes the formation of gaseous vapor
and fine particles [5]. LIBS is considered a quasi-nondestructive analysis technique,
because during this ablation particles and gaseous vapor are ejected leaving behind
a very small crater on the scale of microns. The light emitted from the plasma is the
source for LIBS. Understanding the time evolution of this process helps optimization
of the technique and involved parameters. The ablation process may be divided into

into three major steps which are illustrated in Figure 5.
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Figure 5: Ablation Process [5]

The first step in laser ablation is the plasma formation, which is done by the
deposition of the laser pulse energy into the sample. The primary plasma formation
mechanism is thermal for nanosecond lasers [5]. The incident laser causes a rapid rise
in surface temperature to the point of vaporization. The vapor continues to absorb
energy from the incoming laser pulse until super-heated when ions and free electrons
form a plasma. Several factors impact the coupling of energy into the sample. One
such factor is the density of the material, while another is the color or the sample
material. The more dense the material is, the lower the ablation threshold will be [5].

Also a darker material will induce more energy absorption from the laser pulse.

14



Emission from
inner core [ Plasma

Absorpticn _\ xf— ) 1
in outer core f T |

Observed [\
emission signal

Figure 6: Self Absorption Peak Diagram [6]

The second stage is the plasma expansion and cooling. The plasma continues to
expand after the laser pulse for a period of tens of picoseconds to one microsecond
following the laser incident on the sample [36]. After the expansion, the plasma begins
radiatively cooling. This cooling lasts from microseconds to tens of milliseconds
following the laser incident on the sample. During this time frame LIBS spectra
is acquired for atomic identification. Prior to approximately one microsecond, the
spectra is dominated by a strong continuum background from accelerated electrons
and ions, known as the Bremsstrahlung process. The last stage of the ablation process
is particle ejection and condensation. This is the step where the ejected materials
relax and the crater is formed. These stages and timings set the framework for the
experimental setup.

One effect that can also happen during LIBS is when an atomic emission line
suffers from self-absorption. This will appear as a flat-top on a peak or, in more ex-
treme cases, a dip known as self-reversal. A visual of this effect on a spectral peak is

shown in Figure 6. When the plamsa is not optically thin, the light emitted from the
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atoms in the center of the plasma can be absorbed by the cooler atoms of the same
element on the peripheral [6]. Wood observed this phenomena in lithium hydroxide
in his study of isotopic shifts in lithium [44]. If spectral emission lines have observable
self-absorption, there is no longer proportionality between the species concentration
and the integrated area under the measured peak. Hence, Atomic emission lines
which do not have self-absorption are best when performing analysis. Techniques
that reduce self-absorption include performing LIBS under a purge gas such as he-
lium or under vacuum [6, 45]. There are also techniques to handle self-absorption
that can be employed during post-processing [6]. Due to sample ablation, the crater
does not have the same composition or density as the surface prior to ablation. The
thermal propagation into the surrounding material, changes the chemical, molecu-
lar, and chromatic properties, which will also change any addition plasma emission
[6, 46]. These issues will increase shot-to-shot variation in LIBS and decrease the res-
olution of the technique for LIBS performed on the same sampling positions. Laser
induced breakdown spectroscopy, ever since it was pioneered in 1983 by Cremer and
Radziemski at Los Alamos National Laboratory, has been the most extensively used

state-of-the-art method of elemental analysis [5].

2.3 Study of Lithium Compounds

As seen in the reaction defined in Eqn 1, when lithium hydride is exposed to
moisture it reacts violently and releases gaseous hydrogen. This garners the need for
LiH to be handled in a controlled environment due to the release of gaseous hydrogen,
which creates a spontaneous combustion hazard [15, 39]. Once lithium hydroxide has
been produced by this reaction, the reaction can proceed as shown in Eqn 4, Eqn
5, and Eqn 6. These Eqns show the conversion of LiOH into Li,COs. Due to the

reactive nature of lithium compound, this work focuses on moisture and temperature
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exposure. The formation of LiOH - H,O and its conversion to LioC'O3 cannot be
understated in its importance [14]. LiyO forms at the boundary layer between LiH
and LiOH as shown by Chu [17]. This reaction is described in Eqn 2, and is not
represented in the raman spectra due to the LioO scattering spectra being outside
the range for the optical setup used.

The rates of the various of reactions beginning with LiH is very important for
this experiment when determining necessary treatment times. The oxidation of LiH
is controlled by nucleation and subsequent growth of LiOH. The volume fraction
of LiOH as a function of time can then be expressed by the Johnson-Mehl-Avrami
(JMA) equation [38]. When considering LiH, the growth of LiOH was obtained by
Ren through the curve fitting of as-purchased L¢H in air at room temperature as
given by the Johnson-Mehl-Avrami (JMA) equation seen in Eqn 7, where f is the

growth rate [38].

f=1—exp—.18"" (7)

This places a 90% conversion rate from LiH into LiOH within a few hours.
This will be an important parameter when setting environmental exposure times.
These conversion rates are influenced by many factors. LiH samples pre-treated
with exposure to H,O, followed by exposure to C'Oy have been shown to have a 50%
reduction in rate with any subsequent reactions between LiH and H,O [29]. LiH
samples pre-treated with exposure to COs also have a reduction in the reaction rate,
in Eqn 2 [17]. These indicate the formation of LioO will likely have less relevance in
this experiment due to the overall reduction in this reaction as time progresses. The
lithium compounds of interest in this study have been studied with LIBS [21] as well
was with Raman spectroscopy [16, 8, 21, 22, 7, 23, 9, 24, 14]. These studies establish

the known spectra associated with these techniques and these compounds.
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2.3.1 Study of Lithium Compounds using Raman

A wealth of data for each of the molecular compounds of interest in this study
have been studied thoroughly over the years using Raman spectroscopy. Raman
lines are typically independent of the wavelength of the incident light as long as the
incident light is sufficiently different in wavelength than that of the resonance of the
excited electronic states (reported in units of em™!). Certain wavelengths tend to
perform better for incident light near resonant wavelengths. It was determined by
Stowe that lower wavelengths tend to reduce fluorescence (a common interference in

Raman spectra) when considering lithium compounds [20].
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Figure 7: LiH Peaks [7]

A Raman spectra of LiH as determined by Maupoix [7] is displayed in Figure 7.
Figure 8 shows an example spectra of LiOH as measured by Gorelik is shown [8].
Figure 9 shows a Raman spectra of Li;CO3 as measured by Brooker and Wang [9)].

In addition the LiOH - HyO spectral lines in Table 2.3.1 are crucial in this study.
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A dichroic mirror with cutoff at 550 nm was used to reduce the collection of laser
light, which corresponds to 615 em ™1, for 532 nm incident light. The Raman lines of

interest in this study will be the Stokes lines, since anti-stokes lines are both weaker
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intensity and below the dichroic mirrors cutoff. The optical setups given range, the
Raman lines of interest and their corresponding molecular compounds are listed in

Table 2.3.1 [8, 23, 9, 14].

Table 1: Raman Spectral Lines of Interest

Raman Spectral Lines

Compound A (em™h) A (nm)
LiH 776 554.91
LiH 1228 569.18
LiH 1814 588.82
LiH 2087 598.44
LiOH 621 550.18
LiOH 3665 660.85
LisCOs 1090 564.74
LisCOs 1461 076.83
LiOH - H,O 863 557.60
LiOH - H,O 3668 656.54

2.3.2 Study of Lithium Compounds using LIBS

Unlike Raman spectroscopy, LIBS is an atomic emission spectroscopy technique.
Again, the lithium compounds of interest are LiH, LiOH, Li,O, LiOH - H,O, and
LisCOs3. LioO, while of interest, was not evaluated in this study, due to its Raman
spectra being outside the detectable range. The elements of primary focus are lithium,

hydrogen, oxygen, carbon, and nitrogen. Nitrogen is of importance due its use as a
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fill gas as well as its occurrence in air. Table 2.3.2 displays the elements and the
primary atomic lines of interest to which they correspond. Data for selection and
identification of these lines was obtained from the NIST LIBS Database [45].

A simulated spectra can be acquired from the NIST LIBS Database, assuming
no self-absorption. It can be seen that the carbon line at 833 nm is negligible in
comparison to the other carbon lines [47]. Carbon has much stronger emission peaks
at 247 nm and 909 nm, but these would require special treatment, due to the fact
that these spectral lines are outside the viewed range of the spectrometer in used for
this study.

Thus, to overcome the atomic emission lines from carbon not being visible, ratios
of the observed peaks can be used to retrieve the chemical information about the
lithium compounds present. In a study conducted at Y-12 Security Complex, an
experiment was able to use LIBS to observe oxidation of LiH samples by the oxygen
atomic line at 777 nm as evidence of oxidation on the surface [21]. Since LiyCOj
has both a carbon and oxygen, an increased presence of oxygen and changing ratios
of lithium and hydrogen in various mixtures, could similarly be used in the present
study to indirectly observe the LioC'Os. This is where the value of chemometrics

arises.
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Table 2: LIBS Spectral Lines of Interest
LIBS Spectral Lines

Element Wavelength (nm)

610.354
Li
610.365

670.776
Li
670.791

812.623
Li
812.645

656.271
656.272
656.277
656.285

777.194
O T77.417
777.539

833.514

742.364

744.229

zlz |2 |Q

746.831

818.487

Z,

818.802

821.634

824.239
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2.3.3 Chemometrics

As used in this study, chemometrics is ”the chemical discipline that uses mathe-
matical and statistical methods to provide maximum chemical information by ana-
lyzing chemical data” [31]. Using LIBS data, chemometrics has been used in recent
years by Stipe and others. To quantify chromium, nickel, and manganese in steel
alloys in 2010, Stipe used PLSR and chemometrics [34]. Reviews of chemometrics
on LIBS data, were done by Zhang, during the five year window from 2012 to 2016
[33]. Compared to univariate analysis, multivariate chemometrics allows for a more
robust predictive models. Univariate methods for creating calibration curves can be
fragile due to the susceptibility to fluctuations in laser energy and matrix effects in
the sample [33]. Also, chemometrics employed with data fusion, to further enhance
the predictive capabilities, have been seen in recent work [48, 49, 50]. For example,
NASA is using chemometrics and data fusion on the Mars rover and other solar sys-
tem exploration modules [49]. These studies provide support for the pursuit of these
methods to be employed due to their popularity and accepted use in LIBS and Raman

communities.

2.3.4 Data Fusion

Due to the ability to conduct both LIBS and Raman measurements in the same
experimental setup, data fusion is an appealing data manipulation technique. Data
fusion is when multiple data types are used together to create a more accurate model
[51]. There are several categories of data fusion based on the level of data manipula-
tion before fusion occurs [51]. This research uses low-level data fusion where the raw
data from Raman and LIBS are fused together prior to any manipulation or charac-
teristic extraction. LIBS and Raman spectroscopy are easily used together due that

they are both spectroscopic measurements and they provide complimentary informa-
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tion about a sample. That LIBS provides elemental composition information and
Raman provides molecular identification. As mention in section 2.3.3, data fusion of
LIBS and Raman spectra is seeing increased popularity as demonstrated in its appli-
cation to terrestrial and martian environmental samples [48, 49, 50]. To identify the
presence of minerals and other naturally occurring elements of interest, each of the
cited works paired LIBS-Raman data fusion with chemometrics techniques. Similarly,
in this study, data fusion and chemometric techniques will be used in combination

with various predictive models in this experiment.

2.3.5 PCA and PCR

PCA is a method to dimensionally reduce a data set. This is done by finding
or creating latent variables which explain the bulk of the variance in a data set.
The advantage to using principle components for regression analysis is they allow
for the reduction of multicollinearity [52]. Principal components regression takes the
output of a PCA and performs regression analysis on those principal components
[53]. When multiple explanatory variables correlate with each other it is referred to
as multicollinearity [54]. This is important because multicollinearity is known to lead
to unstable and unreliable estimates of regression coefficients. By selecting only the
principle components which explain the bulk of the variance, multicollinearity can be
minimized, allow for increased modeling power [54].

When choosing principle components, first one can decide how much variance
must be explained by a PC in order to be included. A principle component might
not be included in the regression model if it fails to explain at least the determined
level of the total variance. Secondly, one can decide how much total variance must be
explained (e.g. 90%). In this case, the PCs which explain the highest portion of the

variance are included until until 90% of the variance is explained. Once the principle
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components are chosen, a linear least squares fit is performed, createing a regression
model for the data set. LIBS, Raman data, and data fusion have been used with

PCR separately and in combination with eachother [44, 48, 55].

2.3.6 PLSR

While PCR is a method for regression modeling. It has the drawback that the
dependent variable (in the case of this study it is the environmental traits of the
treatments) is not considered when constructing the principle components. This
create the possibility that the principle components will be able to accurately account
for the variance in the data set, but will not accurately predict the response variables.
Unsupervised techniques such as PCR typically have this disadvantage [56]. Hence
the benefits available in supervised learning techniques such as PLSR.

PLSR is a supervised learning technique, which like PCR also reduces the dimen-
sionality of the data by finding latent variables based the raw data set of variables. It
identifies and builds a new set of features which are linear combinations of the original
variables. The main distinction between PCR and PLSR is that the selection and
weighting of these new variables and feature space are governed by the response vari-
able [56]. This is accomplished by minimizing the covariance between the predictors
and the responses [57].

While PLSR has become very popular in chemometrics, it also has a trade-off that
occurs [44, 48, 49, 50, 55]. As a supervised technique, PLSR reduces bias amongst the
variables, but as a predictive model it can suffer from over-fitting due to the inclusion
of response variables in model construction. These trade-offs versus PCR can reduce,
if not completely negate the advantages of PLSR, suggesting one technique is not
better but simply has different strengths and weaknesses [56]. This will dictate a

comparison between the techniques employed to judge how each handles the data set
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presented in this experiment.

2.3.7 Random Forest

Decision trees are another modeling technique for multivaiate analysis. Random
Forest bags an ensemble of decision tree to be used in either classification or regression
modeling. Bagging stands for bootstrap aggregation, which is where each independent
tree in the ensemble is grown from a bootstrapped replica of input data. Observations
not included in this replica are ”out of bag” (OOB) for this tree, providing validation
within the model construction. FEach tree is built using a random forest decision
tree process, which is a nonparametric multivariate technique based on an machine-
learning algorithm [58].

In comparison to PLSR, the Random Forest has several advantages which make it
an appealing predictive model with the data sets in this experiment, which are listed

below [58]:
e [t allows the employment of both categorical and numerical variables.
e No assumption is required about the statistical distribution of the data.
e [t is capable of accounting for interactions and nonlinearities between variables.

e It can be considered robust with respect to changes in the composition of the

dataset.
e Prediction with OOB data avoids overfitting.

e [t allows exploring a large number of explanatory variables because it intrinsi-
cally emphasizes only those variables of high explanatory power at each node

split.

e [t is robust with respect to noise features.
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The use of OOB data to build each decision tree, allow for less vulnerability
to over fitting, which is an area where PLSR has difficulty, making the comparison
between Random Forest and PLSR of particular interest. Random Forest provides the
ability to use categorical response variables which allows Raman and LIBS data to be
modeled for classifications using a combination of response variables (e.g. humidity,

temperature, and fill gas).
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III. Methodology

This experiments methodology was broken down into the four sequential stages
used: sample preparation and environmental treatments, Raman setup, Laser Induced

Breakdown Spectroscopy (LIBS) setup, and data processing.

3.1 Environmental Treatments and Sample Preparation

For this study of LiH, a PLAS-LABS MODEL 890-THC/DT Glove Box was
employed. This environmentally controlled glove box was used to control the humidity

and temperature for sample exposure and preparation.

Figure 10: Environmental Chamber

The LiH used in this study was acquired from Sigma-Aldrich in powdered form.
The powder form was used due to it being readily available from previous experimental
work done, as well as the ability to customize sample preparation for the treatment

of the sample materials.
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Due to this experiments focus on LiH and its exposure temperature and humidity,
liquid nitrogen boil-off was used to purge the environmental chamber, shown in Figure
10. This was done to create a dry, none reactive environment as a beginning point
for this study [22, 39]. While purity of the nitrogen boil-off is unknown, periodic
purges were done to through the duration of the sample treatment and preparation
to keep the Oy levels below 3%. The O, was measured by a PureAire TX-1100-DRA
Oxygen Deficiency Monitor. By measuring the Oy levels, a relative level of C'O,
could be estimated. This was a concern due to the reaction between LiOH and C'Os,
which was initially trying to be controlled. Through minimization of the presence of
other constituents, the humidity and temperature effects on the LiH samples can be
isolated based on the known reactions of LiH [39]. In a later stage of the experiment
these nitrogen purges were eliminated to allow for C'Oy exposure. While the use
of other inert gases such and helium and argon have been shown to improve LIBS
measurements the [21, 59, 60], nitrogen was used based on the fact that it is the
most common purge gas for LiH handling and storage, and it is also the most widely
available purge gas on the market.

The equipment used in the glove box consisted of a lab scale with 1 mg precision,
a mortar and pestle, a powder sample mixer, and a pellet press. Due to the space
constraints of the glove box, each piece of equipment was chosen based on their size
to allow for sample preparation with the confines of the environmental chamber.
This impact on the equipment size affected the precision of the scale, the size of the
sample pellets, and the maximum pressure of the press. However, the scale’s precision
was acceptable because the mass of each lithium compound in the samples was at
least 100x the precision of the scale so as to reduce the percent uncertainty in the

measurement below 1%.
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3.1.1 Environmental Treatments

This experiment entailed using 25 different treatments of LiH to study the effects

of temperature, humidity, atmospheric composition, and exposure time. These pa-

rameters are shown in Table 3.1.1.

Table 3: LiH Environmental Treatment Parameters

Treatments Parameters
Label | Humidity (RH%) | Temp. (°F) | 02(%) | Fill Gas | Exposure Time
TMO <5 65 <3 Nitrogen Ohr
T™1 <5 65 <3 Nitrogen 2hr
T™M2 <5 65 <3 Nitrogen 24hr
T™3 <5 85 <3 Nitrogen 2hr
TM4 <5 85 <3 Nitrogen 24hr
TMb5 <5 105 <3 Nitrogen 2hr
TM6 <5 105 <3 Nitrogen 24hr
™7 35 65 <3 Nitrogen 2hr
TM8 35 65 <3 Nitrogen 24hr
™9 35 85 <3 Nitrogen 2hr
TM10 35 85 <3 Nitrogen 24hr
TM11 35 105 <3 Nitrogen 2hr
T™M12 35 105 <3 Nitrogen 24hr
TM13 70 65 <3 Nitrogen 2hr
TM14 70 65 <3 Nitrogen 24hr
TM15 70 85 <3 Nitrogen 2hr
TM16 70 85 <3 Nitrogen 24hr
TM17 70 105 <3 Nitrogen 2hr
TM18 70 105 <3 Nitrogen 24hr
TM19 <5 85 20 Air 2hr
TM20 <5 85 20 Air 24hr
T™M21 35 85 20 Air 2hr
T™M22 35 85 20 Air 24hr
T™M23 70 85 20 Air 2hr
TM24 70 85 20 Air 24hr

Each treatment begins with weighing of two separate LiH samples of .250g +.01g.

This is done after the environmental chamber is set to the proper settings and is in

a stable state, humidity’s +1%Rh, and +£1°F. After 2 hours the first sample group

enters the pellet pressing process and then data collection, while the second sample
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group continues exposure for a full 24 hour exposure, at which point it enters the

pellet making process and then data collection.

3.1.2 Pellet Pressing Procedure

After environmental exposure, the treated powders were ground with a mortar
and pestle prior to pressing to ensure uniform particle size [61]. Tawfik demonstrated
the utility of grinding powder samples prior to pressing in their study on optimization
of pellet pressing parameters for use in LIBS [47]. After grinding, the samples were
mixed in a Fluxana MUK mixer to ensure homogeneity. Following mixing, the powder
was transferred in small quantities into the press die. The die is 7 mm in diameter
and produces, on average, a pellet 1.5 mm in thickness. The pellet press is a Specac
mini pellet press with maximum pressure of 2 tons. The pellets were pressed to 1.5
tons and this pressure was sustained for 3 min. For the 3 min period pressure was
continually adjusted to maintained 1.5 tons, which allowed for pellet settling until

the pressure was holding constant.

Figure 11: Sample Containment Vessel

After samples were pressed, they were moved to the conflat flange cell using a thin
layer of vacuum grease to adhere the sample to the cell. This grease kept the samples
from shifting in the cell while transferring to data collection. Also during LIBS, the
grease kept the samples from shifting due to the violent ablation process.

The samples were placed in this air-tight cell with a view port in order to allow
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analysis of the samples without exposure to a reactive environment. The view port
allowed the laser to interact with the sample as well as for light collection from the
samples. The Conflat flange sample cell has a UV fused silica view port with spacer
to extend the distance between the focal point of the laser being focus on the sample,
creating more distance from the view port to sample in order to reduce the risk of
interaction with the view port. By performing data collection immediately following

sample preparation the potential impacts to the sample integrity were minimized.

3.2 Dual Raman and LIBS Setup

For each treatment, 4 samples were made and each sample was shot in 5 different
areas for data collection, using Raman Spectroscopy and LIBS. This is shown in

Figure 12.

SAMPLE POSITION

Figure 12: Sample and Shot Positions Diagram

Due to each individual sample being used for both Raman and LIBS measure-
ments, Raman measurements needed to be obtained prior to any LIBS measurements.
This is due the destructive nature of the ablation process in LIBS, which would effect
any Raman measurement taken afterward. Using the combined optical setup shown

in Figures 13 and 14 along with an Echelle Spectrograph, allowed for Ramman and
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LIBS sprectra to be collected with minimal setup alterations.

Figure 13: Combined Raman and LIBS Setup

A beam polarizer and beam splitter were used to control laser intensity to evaluate
setting parameters during setup optimization. A 550 nm high-pass dichroic mirror
was employed in conjunction with a series of notch filters to reduce the collection of
laser light as discussed in subsection 2.3.1. While these were needed specifically for
the Raman measurements they were not adjusted during LIBS measurments. The
only adjustment needed between Raman and LIBS measurments was the removal or

addition of a defocusing lens and a change in the laser power.
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Figure 14: Combined Raman and LIBS Setup Close Up
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3.2.1 Echelle Spectrograph for Raman and LIBS

In comparison to a standard monochromater, an echelle spectrograph uses 2-D
diffraction rather than 1-D diffraction and it has a much broader bandwidth range.
For viewing multiple lines in a broad bandwith a Czerny-Turner style monochromater,
it would require adjusting the grating between multiple images on the camera to allow
for observation of two distinct a spectra. This requires multiple exposures and in
LIBS this means separate ablations which is not viable due to the damage caused by
ablations. With an echelle spectrograph, the bandwidth is hundreds of nanometers,
which gives greater bandwidth viewing ability versus the monochromater. The echelle
spectrograph used in this study is a Catalina Scientific EMU-120/65 model, with a
range of 325 nm to 925 nm. In chemometrics with LIBS data, this broad bandwidth
is especially useful due to the number of elements of interest in a single spectra. At
least some spectral lines from nearly every element of interest in the LiH reactions
were present in this range making it possible to collect data vital information from
these atomic spectral lines.

This broad spectral range also benefits the use of Raman spectroscopy. Since Ra-
man is based on a wavelength shift from an excitation laser wavelength, as long as the
excitation laser is at the lower end of the spectrographs range, then the Stokes shift
should be visible in the spectra. For example, a standard 1064nm laser would not be
a valid excitation for this setup due to it being outside the upper limit of this spec-
trograph. For this study, the largest Raman shift is approximately 3600 cm (LiOH),
with an excitation laser wavelength of 532 nm the shift of 3600 cm put a spectral line
around 658 nm. This is well within the spectral range of the echelle spectrograph
which makes the selection of a 532 nm excitation laser appropriate when looking to
utilize Raman spectroscopy. This combines well with the higher energy of a 532 nm

laser, which provides the needed fluence when LIBS is being used as a measurement
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technique.

Figure 15: Deuterium and Tungsten Halogen Spectrum Used for Flat-Field Correction

When using the Catalina Scientific EMU-120/65 model echelle spectrograph, Kestrel-
Spec data acquisition and analysis software also developed by Catalina Scientific, was
used. Calibrations were performed before each data collection, which corresponds to
one calibration per 5 hours of operation. First, a wavelength calibration was per-
formed using a Hg/Ar calibration lamp. Along with the wavelength calibration, an
order optimization and flat-field calibration was also performed. The order opti-
mization uses an image of a continuum light source (deuterium tungsten halogen)
to inform the optimization of the cutoff between orders using an internal algorithm
in KestrelSpec. An image of a deuterium/tungsten and halogen lamp is displayed
in Figure 15. In addition to order optimization, a flat-field calibration is performed

using the tungsten halogen lamp to approximate a black body radiator.

3.2.2 Raman

The Raman spectra were acquired via integrating images in a single exposure and
then accumulating multiple exposures to form the spectral image. This was done at
a repetition rate of 10 Hz for 600 pulses per exposure with 5 exposures. The gate

delay and gate width of the ICCD camera were optimized for capturing the scattered
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light. The exposure time, which is how long the camera shutter is open, is set to its
minimum value (1 ms). Microchannel plate (MCP) gain is adjustable from 0-4000
on a non-linear scale. Raman is a scattering process which is why the timing of
collection is on the nanosecond scale. Laser light collected with these reflections is
reduced by a 550 nm high-pass dichroic mirror and notch filters in the optical setup.
This reduces the saturation by the laser light which creates a bigger signal to noise
ratio between the Raman spectra and the excitation laser. The settings used for the

Raman measurements taken can be found in Table 3.2.2.

Table 4: Raman Setup Parameters
Raman Settings

Equipment Parameter Value Sync
Power 100.4mJ NA

Laser Flashlamp Trigger 0 ps TO
Q-Switch Trigger 190us TO
Camera Trigger 0s Q-Switch Trigger
Exposure Time 60s Camera Trigger

1CCD Integrated Pules 600 N/A
Gate Delay 100ns Camera Trigger
Gate Width 40ns Camera Trigger
MCP Gain 2500 N/A

3.2.3 LIBS

Following Raman measurements, LIBS measurements were taken. An unper-
turbed position was chosen for the beginning of each set of shots. Each set of shots
consisted of 5 ablations in a single position. Each ablation was recorded individually
and not integrated or accumulated on camera like the Raman spectra. Each sample
was ablated in 5 separate positions for a total of 20 spectra per treatment. The tim-
ing of LIBS measurements differs in comparison to those associated Raman. Where

Raman is a scattering process with nearly zero delay needing a collection on the scale
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of nanoseconds after excitation, the mechanisms of ablation, plasma formation, and
relaxation which generate the LIBS spectra take microseconds to occur as discussed

in Section 2.2.1. The LIBS parameters for this study can be found in Table 3.2.3.

Table 5: LIBS Setup Parameters
LIBS Settings

Equipment Parameter Value Sync
Power 151.9mJ NA
Laser Flashlamp Trigger 0 ps TO
Q-Switch Trigger 190us TO
Camera Trigger 0s Q-Switch Trigger
Exposure Time .001s Camera Trigger
ICCD Gate Delay 1us Camera Trigger
Gate Width 6us Camera Trigger
MCP Gain 2000 N/A

3.3 Analysis Techniques

In this experiment data manipulation and analysis were performed in Matlab

version R2021b.

3.3.1 Raman and LIBS Data Fusion

Each treatment includes 4 samples with 5 shots per sample, or 20 data points
per treatment for both Raman and LIBS, producing 500 data sets in total. For
each significant peak within the different spectra a 5 nm window is taken around the
centroid of the peak. If multiple peaks are grouped close together a 2.5 nm range
is used on either side of the outer most peak for a the collection of peaks. The
wavelength step per channel was .01 nm. This produces data sets of 500 samples
environmentally treated, with a corresponding 4381 spectral channels, with .01 nm

width, for the Raman spectra and 4529 channels for the LIBS spectra before data
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fusion. Prior to fusion each spectra was normalized by the max intensity of the
spectra in order to prevent features of one spectra from becoming overly weighted
during analysis. Analysis was performed on each data set to provide a comparison
the different data types and how well the model the lithium conditioning.

After analysis of Raman and LIBS data, data fusion was completed on the data
obtained from LIBS and Raman measurements. For the data fusion each Raman
spectra was appended to the end of the corresponding LIBS spectra, second shot
since the first shot cleans the sample, from the same exact pellet and same position.
This created pseudo-spectra data set representing each sample and position for a
500x8910 data set. With this data fusion of the respective Raman and LIBS spectra,
the multivariate analysis techniques were performed as were used on the original data

sets.

3.3.2 PCA

Principle components analysis (PCA) was also performed to to establish how
well the different traits of the treatments appear in principal component space. If
separation is not observed, the likelihood of an accurate regression model using PCR
could be less than optimal. PCA was also used to present a visual representation
of different traits seen in Raman and LIBS spectra, and fused data to possibly see

trends in the data.

3.3.3 PCR and PLSR

In multivariate analysis, PCR and PLSR were conducted using humidity, tem-
perature as response variables. These used 25 components when modeling, which
was determined by a investigation into the component space for each model. PCR

and PLSR models were built using Raman, LIBS, and LIBS-Raman fused data for
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comparison. Multiple multivariate models were built with humidity and temperature
data to explore the best method for the data collected. The metric for effectiveness
of the models was both the R? value and the Root Mean Square Error (RMSE) of
each linear fit. The R? value is a measure of goodness of fit between a regression line
and the data it is being fit to and is given by Eqn 8 where RSS is the Residual Sum
of Squares and TSS is Total Sum of Squares. The smaller the residuals, the closer

the R? value is to 1.

RSS
R=1-—— 8
7SS (8)
The RMSE is a representation of the difference between the observed and the
predicted values. More specifically, RMSE is the standard deviation of the residuals

of a model and can be described by Eqn 9. Better performance of the model is

indicated by higher R? and lower RMSE.

_ Zf\;(x@ — &)
RMSE = \/ ¥ (9)

3.3.4 Random Forest

Lastly, a decision tree method known a Random Forest was done characterizing
each response variable into a categorical format for humidity, temperature, treatment
time, and atmospheric composition. In addition, a Random Forest regression was
done for humidity and temperature responses. Random Forest bags an ensemble of a
dictated number of decision trees for either classification or regression. As every tree in
the ensemble is grown not all observations are included in the training. Any data not
used to train a tree is considered ”out of bag” for this tree. Random Forest relies on
the ClassificationTree and RegressionTree functionality for growing individual trees

in Matlab. In particular, ClassificationTree and RegressionTree accepts the number
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of features selected at random for each decision split as an optional input argument.
This means that each decision tree is built with a random feature picking order.

By default all the input data is used to sample with replacement when growing
each new tree, which was altered to use a 80% in bag and 20% out of bag split. The
number of variables to selected at random for each decision split is the square root of
the number of variables for classification and one third of the number of variables for
regression. The minimum number of observations per tree leaf is 1 for classification
and 5 for regression. For the regression models a linear fit was done and the R?
and RMSE were found to provide a comparison to the PCR and PLSR models used
previously.

This model was initially implemented with no training-test split to be comparable
to the PCR and PLSR methods used previously. In addition to this a training-test
split was performed using 80% of the initial data for Raman, LIBS, and the Raman-

LIBS fusion data for training, with 20% held for model testing.
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IV. Results and Analysis

This section will focuses of the multivariate analysis of the Raman, LIBS, and
LIBS-Raman Fusion, with the response variables being humidity, temperature, expo-
sure time, and atmospheric type.

First, the spectral responses in the Raman and LIBS spectra are viewed to break-
down the different trends that will hopefully be seen in later modeling, as well as any
unexpected spectra that may occur. PCA is then used to see the separation of these
trends in a principle component space and to provide a initial visualization of how
well PCR and PLSR will perform on the individual data sets. PCR and PLSR are
used to provide regression modeling for humidity and temperature due to the contin-
uous response. Training and test splits used an 80/20% split, and was performed to
provide a more realistic data set for testing.

Next, a Random Forest model is employed as an alternate modeling technique
which can use both categorical and continuous response variables. This was done to
provide an additional regression model as a comparison to PLSR, but also to provide
an example of the general classifications that could be performed based on a varying
response variables and grouping of response variables. When looking at PCR, PLSR,
and Random Forest Regressions, R? is used as a relative measure of goodness of fit,
while RM SFE is an absolute measure of fit, RMSE is viewed as the standard deviation
of the unexplained variance. Similar to the PCR and PLSR training-test split, a mew

test data set was applied to models constructed.

4.1 Raman Data Analysis

Analysis was performed using only the normalized Raman spectra using spectral

analysis, PCA, PCR and PLSR, and the Random Forest modeling techniques.
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4.1.1 Raman Spectra

Using the main lines in Table 2.3.1, the Raman Spectra is investigated for vi-
sual trends during the environmental treatments. Higher temperature and humidity

settings are viewed due to the more exaggerated changes between each spectra.
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Figure 16: Raman Spectra for 2hr Treatment

When viewing the 2 hour treatments at 35% and 70% humdity in Figure 16, as
the humidity was increased the LiOH peak at 660.85 nm initially increased, but
eventually began to decrease and then the peak for the LiOH, H,O peak at 656.54
nm can begin to be seen. As, the treatment time is increase this trend continues with
the addition of the LiOH, H,O line at 557.60 nm also becoming visible in Figure 17.

As the nitrogen purges were discontinued in later treatments, there is a clear
LisCO3 peak at 564.74 nm, and the LiOH, H,O at 656.54 nm decreases and the
LiOH peak at 660.85 nm increases as seen in Figure 18. The LiOH peak increase is
thought to be due to the lower temperature and humidity which slows the conversion
of LiOH to LiOH>0 as well as that the conversion of LiH to LiOH could still
be occurring for the lower humidity of 35%. The LiOH - H,O and LiOH both

42



should decrease as the reaction to LioC'Os occurs, this is only clearly visible in the

LiOH, H,O peak when comparing Figure 17 and Figure 18.
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Figure 17: Raman Spectra for 24hr Treatment
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Figure 18: Raman Spectra for 24hr Treatment in Air
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4.1.2 Raman Data PCA

Using the Raman spectral data, PCA is used to provide a gauge of the separa-
tion in a component space and the viability of modeling using this data. This is
done while keeping the response variables of overall treatment classification, humid-
ity, temperature, exposure time, and atmospheric type in mind. Treatment settings
can be referenced in Table 3.1.1, for clarity of these separations.

In Figure 19 there is a clear separation between in the different treatments. For
example, treatments 8,10,12 (in green) are 35% humidity treatments, with nitrogen
atmosphere, for 24 hour exposure, and a clear separation is seen from treatments
2,4,6 (shown in blue) which only have an increase in only humidity between them.

As seen in Figure 20, solely humidity does not explain the separation in all cases.
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Figure 19: Raman PCA for Classification Separation

Low humidity is clearly separated (in blue) but the 35% (in green) and 70% (in red)
humidity data is somewhat mixed. However, by also using Figure 21, the exposure

time combined with humidity can explain much of the variance in the PCA plots.
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Figure 20: Raman PCA for Humidity Separation
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Figure 21: Raman PCA for Exposure Timing Separation

Temperature did not create clear separation as a response in PCA due to it be-

ing more of a secondary effect, with humidity and exposure separation being more
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distinguishable. This seems to indicate that there will be adequate separation in the

data to provide significant modeling power.

4.1.3 Raman Data PCR and PLSR

Using PCR and PLSR modeling, the Raman spectral data was applied to humidity

and temperature as the only two continuous responses focused on in this experiment.

4.1.3.1 Raman Data PCR and PLSR for Humidity

More clarity can be distinguished about how well PCR and PLSR will perform
with the Raman data, by viewing the first two components after feature reduction by

each model. This is paired with the response variable in question to provide insight.
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Figure 22: Raman Data PCR Component Space Versus Humidity

When comparing the first two components of PCR and PLSR with reference to
humidity, one can see that their is comparable separation in both component spaces

as through Figure 22 and Figure 23.
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PLSR Component vs Respsonse Variable for Raman Humidity
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Figure 23: Raman Data PLSR Component Space Versus Humidity
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Figure 24: Raman Data PCR and PLSR Variance Per Component for Humidity

By using Figure 24 an appropriate number of components was picked to use when

modeling for PCR and PLSR accounting for approximately 95% of the variance.
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PCR Linear Model for Raman Humid ity
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Figure 25: Raman Data PCR for Humidity
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Figure 26: Raman Data PLSR for Humidity

In general, PCR performs slightly worse than PLSR. PCR had an R? = .728 and
a RMSE = 11.919, while PLSR had an R? = 983 and a RMSE = 3.482, as seen
in Figure 25 and Figure 26. This make some sense in by the fact that PLSR has less

significance per component on average, meaning it can more accurately describe the
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variance in the data, without over simplify the data separation.

4.1.3.2 Raman Data PCR and PLSR for Temperature

When comparing the first two components of PCR and PLSR with reference to
temperature, the PLSR separation in component spaces seem much cleaner. This is

shown by a comparison of Figure 27 and Figure 28.
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Figure 27: Raman Data PCR Component Space Versus Temperature

At the same time in Figure 29, PCR uses only approximalty 4 components before
accounting for almost 95% of the variance, while PLSR needs 25 components to reach
the same amount of variance explained. As explained in the section 4.1.3.1, this also
leds to better performance when using PLSR for a temperature response.

for the PCR and PLSR models, using k% and RMSE as the measure of goodness
and validity of the model, PCR perform significantly worse than PLSR. PCR had an
R? = 454 and a RMSE = 7.186, while PLSR had an R? = .950 and a RMSE =

3.138, as seen in Figure 30 and Figure 31
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PLSR Component vs Respsonse Variable for Raman Temperature
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Figure 28: Raman Data PLSR Component Space Versus Temperature
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Figure 29: Raman Data PCR and PLSR Variance Per Component for Temperature

When comparing the PCR and PLSR humidity models to the PCR and PLSR
temperature models, the humidity models perform better. Especially the PCR model
for humidity with an R? = .728 over temperature model with an R? = .454. This is

due to the clear difference in separation in the component space.
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120 PCR Linear Model for Raman Temperature
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Figure 30: Raman Data PCR for Temperature

110 PLSR Linear Model for Raman Temperature

2 =
105 b R“=0.950, RM3E = 3.138

as | i

Fitted Response

%  Data
Fit
Confidence bounds

&0 . .
65 70 75 80 85 90 95 100 105

Observed Response

Figure 31: Raman Data PLSR for Temperature

Also, when comparing PCR to PLSR, both humidity and temperature have have
better modeling when using PLSR over PCR by significant margins. PLSR has R? =
.983,.950 versus PCR models with an R? = .728, .454 for humidity and temperature

respectively. This due to the difference in the models techniques by which they reduce
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the feature space and deal determining the separation between data points.

4.1.4 Raman Data Random Forest

In addition to PCR and PLSR, a Random Forest model was applied to the various
response variables. The Random Forest model uses treatments categorical responses

for classification, humidity, temperature, exposure time, and atmospheric type.

Tree Regression Responses for Raman Humidity
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Figure 32: Raman Data Random Forest for Humidity Regression

The model predicted all categorical responses with 100% accuracy and recall,
which can be seen in Appendix A. This is done using no training-test split for the data.
Within the Random Forest model a 80/20% training-validation split when building
the models. The separation seen in the PCA evaluation supports the performance of
this modeling due to fact that there is generally good separation for each response

variable.
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Tree Regression Responses for Raman Temperature
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Figure 33: Raman Data Random Forest for Temperature Regression

In addition to the categorical models, regression models were built using Raman
spectral data for humidity and temperature. In both cases Random Forest perform
better than either PCR or PLSR, with an R? = .995 and RM SE = 1.909 for humidity
and R? = 957 and RMSE = 2.422 for temperature, as shown in Figure 32 and
Figure 33 respectively. These R? values are an average over 10 different Random
Forest models. This was done due to the randomness by with the decision trees are
built in the model, which creates a small variance in the R? and RMSE values for
each model built.

A training-test split is introduced to the Raman spectral data, to evaluate the
overall performance that the models have in practical application to new data. Hold-
ing 20% of the data for a test set, 80% of the Raman spectral data is used to build
categorical and regression models for the various response variables. In Figures 34

and 35 the performance for the model can be seen.
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Tree Regression Responses for Test Raman Humidity
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Figure 34: Raman Data Random Forest Model Test for Humidity Regression
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Figure 35: Raman Data Random Forest Model Test for Temperature Regression

For humidity the model performs well with an R? = .971 and RMSE = 4.365
and R? = .721 and RMSE = 4.716 for temperature. This is not unexpected with
the analysis done into the component spaces for humidity and temperature where

temperature was typically less separable.
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Next, the categorical responses are tested to measure performance. This is done
for classification, humidity, temperature, exposure time, and fill gas. for treatment
classification the model performs well, 92% accuracy, but has a clear deficiency with

some of the lower humidity and lower temperature treatments as seen in Figure 36.
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Figure 36: Raman Data Random Forest Model Test for Classification

For humidity, in Figure 37 did very well with only one error, or 99% accuracy,
in the test data. However, for temperature the model performs slightly worse with
a recall dropping to 70.8% and precision dropping to 80.4% as minimums, and a
85% accuracy, as shown in the confusion chart in Figure 38. When testing the fill
gas response the accuracy is 91%. Considering the amount of nitrogen in air this is
reasonable. This could be due the treatments with low reaction rates so that certain

spectral peaks do not become prominent enough to have an effect.
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Observed vs Predicted for Test Raman Humidity
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Figure 37: Raman Data Random Forest Model Test for Humidity
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Figure 38: Raman Data Random Forest Model Test for Temperature

While having a 96% accuracy, exposure time modeling had issues specifically
categorizing the Ohr treatments and the 2hr treatments, seen in Figure 40. This
can be explained by the similarity seen in the PCA plots previously and the lack of

separation in the short, lower humidity, lower temperature treatments and the Ohr
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treatments. Overall, the Random Forest model does well with some distinctive areas

of the data that cause issues when attempting to create models and predict responses.
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Figure 39: Raman Data Random Forest Model Test for Fill Gas
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Figure 40: Raman Data Random Forest Model Test for Exposure Time
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4.2 LIBS Data Analysis

Analysis is performed using only the normalized LIBS spectra using spectral anal-

ysis, PCA, PCR and PLSR, and the Random Forest modeling techniques.

4.2.1 LIBS Spectra

Using the main lines in Table 2.3.2, the LIBS spectra was investigated for vi-
sual trends during the environmental treatments. Higher temperature and humidity
settings are viewed due to the more exaggerated changes between each spectra.

A comparison of Figures 43, 44, 45, show how the LIBS spectra can fluctuate in
intensity greatly. Very little can be visibly deduced from the LIBS spectra due to the
fact that atomic lines are typically are present but simply have varying intensities.
One trend that was seen is a general decrease in the Li elemental lines as humidity
and treatment time increased, as can be seen in the Figures 44 and 45. This could be
due to the density of the sample or even the color of the being lighter is something
that would affect this. Also due to the volume increase when LiH absorbs moisture
the amount of Li that gets pressed in to the sample pellet will also decrease. These

can be seen in Figures 41 and 42.

Figure 41: LiH Before Treat- Figure 42: LiH After 24hr

ment Treatment
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Also, when the nitrogen purges were halted and air was the atmosphere, a clear

decrease in the 6 nitrogen lines as seen in the spectra..
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Figure 43: LIBS Spectra for 2hr Treatment
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Figure 44: LIBS Spectra for 24hr Treatment
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LIBS Spectra for 24HR Air Treatment at 85F
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Figure 45: LIBS Spectra for 24hr Treatment in Air

It is much harder to make any judgement of trends occurring in the treatments,
when compared to the Raman spectra due to the occurrence of most the significant
emission lines in almost every spectra. The lack of certain elemental lines such as the
Carbon line around 833.514 nm also exaggerates this issue. Only in the low humidity
treatments when the oxygen lines and hydrogen lines are much lower in intensity is

it possible to distinguish between the LiH and LiOH for example.

4.2.2 LIBS Data PCA

Using the LIBS spectral data, PCA is used to provide a gauge of the separation in
a component space and the viability of modeling using this data. This is done keep-
ing the response variables of overall treatment classification, humidity, temperature,
exposure time, and atmospheric type in mind. Treatment setting can be reference in
Table 3.1.1 for clarity of these separations.

In general the spread of the LIBS data was greater in component space, and the

class separation was less clear. In Figure 46, higher humidity treatments can be seen
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more to the left (in green, red, and yellow), while lower humidity (in blue and pink)
and some high humidity treatments with low exposure time (Orange and purple) are

more to the right.
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Figure 46: LIBS PCA for Classification Separation
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Figure 47: LIBS PCA for Humidity Separation
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Observing Figures 47 and 48, the trend of higher humidity treatments being on the
left (in green and red) and low humidity treatments are to the right is more visible.
As well as the fact the in Figure 48 some of the longer exposures with lower humidity
(in green) group with the shorter exposure treatments. Also, in each PCA figure the
baseline treatments (in black), is grouped with low humidity and low exposure time

treatments.
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Figure 48: LIBS PCA for Exposure Timing Separation

4.2.3 LIBS Data PCR and PLSR

Using PCR and PLSR modeling, the LIBS spectral data was applied to humidity

and temperature as the only two continuous responses focused on in this experiment.

4.2.3.1 LIBS Data PCR and PLSR for Humidity

How well PCR and PLSR performs with the LIBS data can be seen by viewing the
first two components after feature reduction occurs in each model. In Figure 49 the

overall lack of separation indicates that PCR for the LIBS data will perform worse
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than PLSR when compared to Figure 50.

PCR Component vs Respsonse Variable for LIBS Humidity
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Figure 49: LIBS Data PCR Component Space Versus Humidity
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Figure 50: LIBS Data PLSR Component Space Versus Humidity

The PCR and PLSR models using LIBS data need approximately 15 components
to account for 95% of the variance . This is less than the 25 needed for the Raman

data, and thus 25 components are used to for the LIBS data modeling to obtain
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comparable results. Also, the slower increase of variance accounted for per component

indicates that PCR will be less accurate in comparison to PLSR.
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Figure 51: LIBS Data PCR and PLSR Variance Per Component for Humidity
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Figure 52: LIBS Data PCR for Humidity

As expected from the component space plots for PCR and PLSR, PCR performs
worse with a R? = .784 and RMSE = 11.015 seen in Figure 52. PLSR performs well
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with a R? = 994 and RMSE = 2.055, seen in Figure 53. Overall the LIBS data

modeling does quite well the the humidity response variable.
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Figure 53: LIBS Data PLSR for Humidity

4.2.3.2 LIBS Data PCR and PLSR for Temperature

PCR and PLSR was then applied to the temperature responses. When viewing
the component space for PCR and PLSR with the temperature response variable, the
separation in between the data is not distinct. While the PLSR component space in
Figure 55 still has some slight separation, the PCR component space almost has poor
separation as seen in Figure 54.

By looking at the variance accounted for in Figure 56, a number of components
needed to reach 95% variance was used. Also, the similar to the humidity case, the
amount of variance per component is smaller for PLSR than PCR pointing to a better

modeling ability for PLSR.
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PCR Component vs Respsonse Variable for LIBS Temperature
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Figure 54: LIBS Data PCR Component Space Versus Temperature

PLSR Component vs Respsonse Variable for LIBS Temperature
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Figure 55: LIBS Data PLSR Component Space Versus Temperature

As indicated by the component space plots and variance plots, PLSR performs

better than PCR with a R?

977 and RMSE = 2.144, seen in Figure 58. PCR

performs worse with a R? = .370 and RMSE = 6.971 as seen in Figure 57. Unlike

with the PCR for humidity using LIBS data, PCR for temperature performs poorly.
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PLSR for temperature does perform worse than for humidity,

well for the LIBS data.
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Figure 56: LIBS Data PCR and PLSR Variance Per Component for Temperature
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Figure 57: LIBS Data PCR for Temperature
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PLSR Linear Model for LIBS Temperature
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Figure 58: LIBS Data PLSR for Temperature

4.2.4 LIBS Data Random Forest

The Random Forest model used for treatments of classification, predict 100%
accuracy and recall. Also, Random Forest models predicted 100% accuracy and recall
for humidity, temperature, exposure time, and atmospheric type. These confusion
charts for the models performance when using categorical response variables can be
viewed In Appendix A. Due to fact that there is generally good separation for each
response variable, as seen in the PCA plots, the Random Forest model works very

well on the categorical responses.
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Tree Regression Responses for LIBS Humidity
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Figure 59: LIBS Data Random Forest for Humidity Regression
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Figure 60: LIBS Data Random Forest for Temperature Regression

Random Forest regression models were built for both humidity and temperature
using the LIBS spectral data. Random Forest performs only slighty better for tem-
perature than for humidity with a R? = .962 and RM SE = 2.036, and R? = .961 and

RMSE = 4.782. This is seen in Figures 59 and 60. for the LIBS spectral data, PLSR
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performs better than PCR or the Random Forest model when looking at temperature.
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Figure 61: LIBS Data Random Forest Model Test for Humidity Regression
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Figure 62: LIBS Data Random Forest Model Test for Temperature Regression

Just as for the Raman data, a training-test split is introduced to the LIBS spectral
data. This is done to evaluate the overall performance that the models have in

practical application to new data. Holding 20% of the data for a test set, 80% of the
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LIBS spectral data is used to build categorical and regression models for the various
response variables. In Figures 61 and 62 the performance for the model can be seen.

For humidity the model performs reasonably well with a R? = .863 and RMSE =
8.458 and R? = .695 and RMSE = 3.479 for temperature. This is not unexpected
with the analysis done into the component spaces for humidity and temperature where
temperature was typically less separable.

Next, the categorical responses are tested to measure performance. This is done
for classification, humidity, temperature, exposure time, and fill gas. for treatment
classification the model performs decently well, with 90% accuracy, but has a issue
distinguishing treatments with similar conditions in some cases. Most of the incorrect
classifications seem as though they are due to that lack of clear separation between

similar treatments as shown in Figure 63.
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Figure 63: LIBS Data Random Forest Model Test for Classification
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Observed vs Predicted for Test LIBS Humidity
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Figure 64: LIBS Data Random Forest Model Test for Humidity
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Figure 65: LIBS Data Random Forest Model Test for Temperature

In Figure 64, humidity modeling does very well with a 94% accuracy in the test
model responses. However, for temperature the model performs slightly worse with a
recall dropping to 78.6% and precision dropping to 82.6% as minimums, and a 85%

accuracy. This is shown in the confusion chart in Figure 65. When testing the fill
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gas response, the model does fairly well with an accuracy of 95%. Which considering

the amount of nitrogen in air and the ability of LIBS to see the atomic nitrogen lines

makes sense.
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Figure 66: LIBS Data Random Forest Model Test for Fill Gas
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Figure 67: LIBS Data Random Forest Model Test for Exposure Time

As shown in Figure 67, the model does reasonably well with exposure time pre-
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diction. The recall of 75% for the Ohr treatments is likely due to lack of data point
for this type of treatment. This model performs decently overall with an accuracy of
86%. Generally the Random Forest model does very well when using LIBS data, save

for the temperature and exposure time response variables.

4.3 Raman and LIBS Data Fusion Analysis

Using the main lines in Table 2.3.2 and Table 2.3.1, the normalized Raman and
LIBS spectra are appended to eachother. This Raman and LIBS fusion data is then
analysed with, PCA, PCR and PLSR, and the Random Forest techniques.

4.3.1 Data Fusion PCA

In the component space of PCA, visible trends with classification separation, hu-
midity, and exposure time are seen. Figure 68 shows clear separation between some

treatments (in red and blue) with high and low humidity.
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Figure 68: Data Fusion for Classification Separation
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Figure 69: Data Fusion for Humidity Separation
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Figure 70: Data Fusion for Exposure Timing Separation

Some treatments have more overlap, such as treatments with low exposure time

(in purple and orange). Using Figure 69 similar trends can be seen. Medium and high
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humidity’s (in green and red) have a great separation from the data for low humidity

treatments (in blue).
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Figure 71: Data Fusion for Temperature Separation

There is also a clear mix of Medium and high humidity data as well. When
looking a exposure time it becomes clear that the mixed data is mainly data of higher
humidity but with low exposure time (in blue) as seen in Figure 70. Also it is seen that
some of the longer treatments group with lower humidity treatments as well. When
reaction rate of the LiH are considered this is understandable, due to the extreme
dependence on humidity. Another notable feature can be seen in Figure 71, when is
become clear that temperature is the most convoluted of the response variables in

this study.

4.3.2 Data Fusion PCR and PLSR

Using PCR and PLSR modeling, the data fusion spectral data was applied to

humidity and temperature as the only two continuous responses focused on in this
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experiment.

4.3.2.1 Data Fusion PCR and PLSR for Humidity

As with the other models, how PCR and PLSR will perform with the data fusion
can be seen by viewing the first two components after feature reduction occurs in each
model. In Figures 72 and 73, there seem to be great separation in the component
space for PLSR and also good separation for PCR. Both models are expected to work

well in the humidity case.
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Figure 72: Data Fusion PCR Component Space Versus Humidity

When looking at Figure 74, only about four components are need for PCR to reach
95% variance, while PLSR needs closer to 16. However, 25 components are used to
accommodate comparisons to previous modeling. The slower increase of variance per

component indicates that PLSR will work better than PCR.
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PLSR Component vs Respsonse Variable for All Data Humidity
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Figure 73: Data Fusion PLSR Component Space Versus Humidity
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Figure 74: Data Fusion PCR and PLSR Variance Per Component for Humidity

PLSR does perform better than PCR, with an R? = .995 and RMSE = 1.796 and
R? = 860 and RMSE = 9.303 for humidity, as shown in Figure 76 and Figure 75
respectively. Using the data fusion works very well with PCR and PLSR for humidity

modeling.
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PCR Linear Model for All Data Humidity
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Figure 75: Data Fusion PCR for Humidity
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Figure 76: Data Fusion PLSR for Humidity

4.3.2.2 Data Fusion PCR and PLSR for Temperature

Just as will humidity, PCR and PLSR component space is evaluated to provide

an indication of how well the data fusion performs after feature reduction with the
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temperature response variable. In Figures 77 and 78, there is some separation in the

component space for PLSR and less separation for PCR.
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Figure 77: Data Fusion PCR Component Space Versus Temperature
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Figure 78: Data Fusion PLSR Component Space Versus Temperature

The variance accounted for in the PCR reaches 95% at approximately 4 compo-

nents used as seen in Figure 79. At the same time, PLSR needs approximately 18

80



components to reach the same variance. Again, 25 components are used as in other
modeling. PCR uses very few components to reach high variance while PLSR needs

more, pointing to PLSR being able to more accurately model the data.
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Figure 79: Data Fusion PCR and PLSR Variance Per Component for Temperature
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Figure 80: Data Fusion PCR Temperature

As expected PCR performs worse than PLSR, with an R? = .490 and RMSE =
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7.213 and R? = .992 and RMSE = 1.307 for temperature, as shown in Figure 80 and
Figure 81 respectively. Thus, for temperature responses PLSR works very well, while

PCR works very poorly.
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Figure 81: Data Fusion PLSR for Temperature

4.3.3 Fusion Data PCR and PLSR for Test Set

A training-test split was performed using an 80/20% split, for Fusion spectral
data. Figures 82 and 83 show this data. For the training-test split, PLSR still out
performs PCR when humidity is considered.

For humidity PLSR has an R? = 1.000 versus an R? = .864 for PCR. For the
temperature response PLSR out performs PCR with R? = .999 versus R? = .527

respectively. These results are seen in Figures 84 and 85.
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PCR Linear Model for All Data Humidity
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Figure 82: Fusion Data PCR Test for Humidity
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Figure 83: Fusion Data PLSR Test for Humidity

Keeping consistent with the trends seen in previous modeling, PLSR has better
performance than PCR, in both humidity and temperature cases. When comparing
humidity and temperature modeling performance, PLSR models have an R? = 1.000

and R? = .999. Thus, temperature continues to to the more difficult model to model.
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PCR Linear Model for All Data Temperature
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Figure 84: Fusion Data PCR Test for Temperature
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Figure 85: Fusion Data PLSR Test for Temperature

4.3.4 Data Fusion Random Forest

The Random Forest model is applied using treatments categorical responses for

classification, humidity, temperature, exposure time, and atmospheric type as well

84



as continuous responses for humidity and temperature. The model predicted all
categorical responses with 100% accuracy and recall, which can be seen in C. This
is done using no training-test split for the fused data. for the all responses, Random

Forest also uses a 80/20% training-validation split for additional model testing.
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Figure 86: Data Fusion Random Forest for Humidity Regression
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Figure 87: Data Fusion Random Forest for Temperature Regression
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For humidity and temperature the Random Forest model is performed, and in
both cases if performs very well. As shown in Figures 86 and 87, Random Forest
modeling has a R? = .979 and RMSE = 3.694 for humidity and a R? = .962 and
RMSE = 2.053 for temperature. These R? and RM SE values are an average of 10
different models built and studied. Overall the fusion data is handled very well by

the Random Forest model.
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Figure 88: Data Fusion Random Forest Model Test for Humidity Regression

For the test data withheld from the fusion data, models are built using Random
Forest and then tested with the test fusion data. These models have a R? = .973 and
RMSE = 4.107 for humidity and a R? = .813 and RMSE = 3.258 for temperature.
As shown in Figures 86 and 86, these models handle the individual responses variables

quite well when presented with new data.
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Tree Regression Responses for Test All Data Temperature
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Figure 89: Data Fusion Random Forest Model Test for Temperature Regression

The categorical responses are tested to measure performance with classification,
humidity, temperature, exposure time, and fill gas responses. for treatment classifi-
cation the model performs very well, 97% accuracy, with only a few errors of similar

treatments being classified to each other as seen in Figure 90.

Figure 90: Data Fusion Random Forest Model Test for Classification

For the case of humidity, the Random Forest model accurately predicts each data
set correctly to its corresponding response variable with no errors or 100% accuracy.

However, for temperature the model does have a few errors leading to a recall min-
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imum of 89.3% and a minimum precision of 88% and accuracy of 92%. These cases
are shown in Figures 91 and 92

Observed vs Predicted for Test All Data Humidity

True Class

35 5 70
Predicted Class

Figure 91: Data Fusion Random Forest Model Test for Humidity

Observed vs Predicted for Test All Data Temperature
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Figure 92: Data Fusion Random Forest Model Test for Temperature
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Observed vs Predicted for Test All Data Fill Gas
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Figure 93: Data Fusion Random Forest Model Test for Fill Gas
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Figure 94: Data Fusion Random Forest Model Test for Exposure Time

The model works very well for most exposure times and fill gas data in its pred-
icative capability, as seen in Figures 93 and 94. The model predicts fill gas of air and
nitrogen with 98% accuracy. However, the model does have issues with for exposure

time specifically with the Ohr treatments but this is possibly due to low number of
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statistics. Even so it has an accuracy of 97%.

4.3.5 Random Forest Modeling Tuning

In prior parts on this experiment a standard default setting was used for each
model employed; PCR, PLSR and Random Forest. With the decrease in performance
by the Random Forest modeling, specifically when modeling temperature, a short
study into the customization of hyper-parameters used was pursued. This was done
using the same training-test split data set used in the previous analysis shown in
Figures 89 and 92.

It was found that using a 1000 tree ensemble with a 90% in-bag data versus the 100
tree ensemble and 80% in-bag data yields and increase in 1% accuracy when using
categorical models, and and increase of .033 or 3.3% for the R? when performing
regression models. This tuning study it was also seen that increases in number of
trees used in the ensemble was the hyper-parameter that increased performance the

most.
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Figure 95: Data Fusion Random Forest Model Tuned Test for Temperature Regression
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Observed vs Predicted for Test All Data Temperature
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Figure 96: Data Fusion Random Forest Model Tuned Test for Temperature

While increases in performance are seen by manipulating the hyper-parameters,
the overall increases were only on the order of a few percentage points. This leads the
idea that more robust analysis manipulations might need to deal with characteristics

such a temperature.

4.4 Temperature Modeling Study

In this experiment it is seen that temperature modeling in general was the hardest
characteristic of the environmental conditions to predict. As such, further investiga-
tion into methods by which to increase predicative capabilities through more direct
data manipulation are studied. For this study, the Fusion Data set previously built
was parsed to create a new data set that removed variance in humidity and atmo-
spheric composition, only allowing temperature and treatment time to vary. Thus, a
data set of 120 points was made with a humidity of 35%RH and Nitrogen atmosphere,
with temperatures of < 5, 35, and 70°F, for 2 hour and 24 hour treatments. This

data set was split into a training-test set and modeling was employed.
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Figure 97: Data Fusion Random Forest Model Test for Temperature Study
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Figure 98: Data Fusion Random Forest Model Regression for Temperature Study

When looking at Random Forest models, Figures 89 and 92 show an R? = .813
for the regression model and an accuracy of 92% for the categorical model. Using the
new data set for temperature, new models were built and an accuracy of 95.8% was

found using categorical models, while an R? = .752 was found for regression modeling.
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This show mixed results with an increase in the categorical models performance and
a decrease in the regression models performance. One concern about this study is
that when using a training-test set the statistics start to become very low, with only
24 data points in that test set and 96 data points in the training set. This could be

indicated by the inconsistency in the modeling.

4.5 Summary

Firstly, The spectral responses in the Raman and LIBS spectra were viewed to
breakdown the different trends, and it was clear that the Raman spectra could more
clear define processes, due to the molecular data shown versus the atomic emissions
show in LIBS spectra.

When viewing PCA for the different data breakdowns between, Raman, LIBS,
and the data fusion similar trends emphasizing humidity, and treatment time as the
main dictators of the separation are seen in the component space. The fused data
and Raman data typically had much better separation when analysing the component
space for PCA, PCR and PLSR. Compounded with this was the better separation
found in each data set when compared to humidity responses versus temperature
responses.

Using Table 4.5, various trends are seen. Firstly, PCR has the worst performance
as a model, with a lowest R? = .370, which is expected due the methods it employs.
PLSR performs the best in all cases expect for the cases of Raman data with either
response variable, where the Random Forest model has the better modeling. PLSR
has a max R? = .995. Also, in every case temperature models perform worse than
models for humidity. This is another expected result due to the clear difference in
the separations seen between humidity and temperature data, humidity being more

separated.
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Table 6: Data and Model Comparison

Data and Model Comparison

Response Variable Data Set Model R3 RMSE
PCR 784 11.015
LIBS PLSR .994 2.055
Random Forest .961 4.782
PCR 728 11.919
Humidity Raman PLSR 983 3.482
Random Forest 1995 1.909
PCR .860 9.303
Fusion PLSR .995 1.796
Random Forest 979 3.694
PCR 370 6.971
LIBS PLSR 977 2.144
Random Forest .962 2.036
PCR 454 7.186
Temperature Raman PLSR .950 3.138
Random Forest 957 2.422
PCR .490 7.213
Fusion PLSR .992 1.307
Random Forest .962 2.053

Another trend seen in the modeling results is that that fused data out performs
the other data sets. The one exception to this is for the humidity with the PLSR
model, where the Raman data performs better than the fused data.

The overall performance of the training-test split data for regression modeling was
very good, with the lowest R? = .492 for LIBS data with PCR modeling temperature.
The best model was PLSR with an R? = 1.000 for humidity responses using fusion
data. The trend of temperature responses having worse modeling holds, as well as
the fact that the fused data has the best performance of the data sets. PLSR is the
highest performing model, and humidity models having higher predication capability
than temperature.

By comparing the confusion charts in sections 4.1.4, 4.2.4, 4.3.4 several trends

can be seen. These results are summarized in Table 4.5. In all cases the fused data
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Table 7: Data and Model Comparison of Test Set

Data and Model Comparison of Test Set

Response Variable Data Set Model R3 RMSE
PCR .783 11.100
LIBS PLSR 1.00 .079
Random Forest .863 8.458
PCR 741 11.793
Humidity Raman PLSR .992 2.432
Random Forest 971 4.365
PCR .862 9.222
Fusion PLSR 1.00 .397
Random Forest 973 4.107
PCR 492 7.273
LIBS PLSR 1.00 .143
Random Forest .695 3.479
PCR .509 7.270
Temperature Raman PLSR 961 2.797
Random Forest 721 4.716
PCR 527 7.258
Fusion PLSR .999 .393
Random Forest .813 3.258

set provides better predictive capability when using categorical models. Also, the
LIBS data performed the worst for each response variable, with Raman data being
better than LIBS but worse than the fused data. Also, the differing response variable
models had accuracy’s from highest to lowest in the following order; humidity, fill

gas, classification, exposure time, and lastly temperature. The one exception to this

is in the LIBS data where the fill gas was more accurate than humidity.
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Table 8: Random Forest Categorical Test Results
Random Forest Categorical Test Results

Data Set Response Variable Accuracy
Classification 90
Humidity 94
LIBS Temperature .85
Fill Gas .95
Exposure Time .89
Classification .92
Humidity 99
Raman Temperature .85
Fill Gas .96
Exposure Time 91
Classification 97
Humidity 1.00
Fusion Temperature 92
Fill Gas .98
Exposure Time 97
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V. Conclusions

In this experiment, a dual Raman-LIBS experimental setup providing Raman,
LIBS, and Raman-LIBS fused spectra, paired with PCR, PLSR, and Random Forest
models, was able to evaluate LiH reactions with moisture, varying temperature,
atmospheric compositions, for varying exposure times. It was shown that using this
data collection and analysis techniques modeling can achieve predictive capabilities,
for new data.

In real world applications there are instances where equipment, time, or both are
limited. In general Raman spectroscopy is superior to LIBS when several minutes
per sample are available and only surface data is desired, as seen through the model-
ing done. However, LIBS spectroscopy could have broader application ability when
extended time for data collection is not available. The novel setup for conducting
both LIBS and Raman using the same equipment is demonstrated with great success
utilizing a single pulsed Nd:YAG laser, assorted optics, and an echelle spectrograph.
The use of an echelle spectrograph, and the broad bandwidth it allows, enabled the
measurement of light from 550 nm to 850 nm, which could be expanded for more
wavelengths if desired. The unique dual Raman-LIBS setup allowed for efficient use
of time and lab space, which is a significant advantage in labs where space and ac-
cess are limited. The dual setup also minimizes potential user error when ensuring
data is collected from the same sample/position for data fusion. Lastly, where com-
mercial LIBS and Raman systems may be housed in separate facilities, this single
setup minimizes potential safety concerns when transporting hazardous materials for
analysis.

Using this dual Raman-LIBS setup, the data displayed in Table 4.5 shows that
in most case the Data Fusion for Raman and Libs spectra provides a more accurate

model, save for the case of the Random Forest model using Raman spectral data
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where it had a R? = .995. While it became clear that PLSR and the Random Forest
model could use any data set, Raman, LIBS, or Raman-LIBS Fusion data, PCR was
seen to struggle in the case of temperature specifically where it had a R? = .370. This
verifies that PCR could be used for an initial breakdown of data but, it should not
be used in predictive models for this type of spectral data.

In addition, it was seen that the Random Forest model performs well when pre-
sented with a new data set. This is shown in Table 4.5. It was seen that the Raman-
LIBS Fusion data performed best emphasizing the validity of a data fusion approach
when modeling. This analysis also shows how the models more easily distinguish hu-
midity while temperature is more difficult for the reactions of LiH, as was indicated
by the highest R? = .813 for temperature prediction, while the highest R? = .973
for humidity. When referencing the LiH reactions chains and also the spectral lines
available, this can be explained by the direct dependence on humidity as well as the
spectral response when LiH is exposed to moisture. For temperature the chemical
and spectral responses are more indirect or secondary, seen in an increase or decrease
of certain spectral lines in the Raman and LIBS spectra.

The various characteristics modeled show how the technique employed in this
experiment can be used to enhance information gained about LiH and the in-growth
of lithium compounds that can occur. This work demonstrated the capability of both
LIBS and Raman or a Raman-LIBS Fusion data to quantitatively characterize LiH
and its reaction with environmental conditions, when combined with multivariate
analysis techniques. With further development, these techniques could be applied
to additional characteristics and real world data for LiH in industrial and DOD

applications.
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5.1 Future Work

An expansion of humidity and temperature ranges would form a more complete
data set, and could be performed to study additional trends that LiH might undergo.
In addition, the nitrogen and air could be augmented with other fill gases in this
experiment. New fill gases such as helium and argon could be used to investigate
their affects on LiH samples during treatments. In this experiment the conversion of
LiOH to LwOH - H,O was seen with moisture exposure. One known reaction that
can occur is the reverse reaction with reduced humidity and heating. Samples have

L spectral peak, in Raman

been seen to show the slow conversion of the 3566 cm™
spectroscopy, which is characteristic of LiOH - H,O into a 3663 cm ™! peak of LiOH.
This was shown for heating of samples at a rate of 10°C' per min up to 100°C, were
the temperature was kept. Spectra were been recorded at different times and clearly
show this reaction [14]. Performing this type of heating for samples after humidity
exposures could impart additional real world characteristics and data.

While this experiment focus primarily on humidity, temperature, and some atmo-
spheric conditions, the Raman and LIBS spectra combined with multivariate analysis
should be explored for other conditions of Li:H. Oxidation and reduction environ-
ments could provide useful information due the the interest of various stakeholders
and their relative spheres of LiH applications.

The use of a bifurcated fiber will allow light from the same path to be sent to two
separate measurement devices. The inherent disadvantage to this is the intensity of
the light reaching the camera is cut in half at a minimum (assuming no losses at the
fiber splice). The advantage is the ability to view spectral lines which maybe out of

view of one instrument. While the echelle spectrograph has a very wide static field

of view, there are monochrometers with a wider dynamic field of view.
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Appendix A. Additional Raman Data Results
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Figure 99: Raman Data PCR and PLSR Humidity Responses
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Figure 100: Raman Data PCR and PLSR Temperature Responses
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Figure 101: Raman Data Random Forest Model Classification Confusion Chart
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Figure 102: Raman Data Random Forest Model Humidity Confusion Chart
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Observed vs Predicted for Raman Temperature
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Figure 103: Raman Data Random Forest Model Temperature Confusion Chart
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Figure 104: Raman Data Random Forest Model Fill Gas Confusion Chart
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Observed vs Predicted for Raman Exporsure Time
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Figure 105: Raman Data Random Forest Model Exposure Time Confusion Chart
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Figure 106: Raman Data Random Forest Model Regression for Humidity
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Tree Regression Responses for Raman Temperature
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Figure 107: Raman Data Random Forest Model Regression for Temperature

104



Appendix B. Additional LIBS Data Results
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Figure 108: LIBS Data PCR and PLSR Humidity Responses
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Figure 109: LIBS Data PCR and PLSR for Temperature
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Figure 110: LIBS Data Random Forest Model Classification Confusion Chart
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Figure 111: LIBS Data Random Forest Model Humidity Confusion Chart
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Observed vs Predicted for LIBS Temperature
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Figure 112: LIBS Data Random Forest Model Temperature Confusion Chart
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Figure 113: LIBS Data Random Forest Model Fill Gas Confusion Chart
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Observed vs Predicted for LIBS Exporsure Time
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Figure 114: LIBS Data Random Forest Model Exposure Time Confusion Chart
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Figure 115: LIBS Data Random Forest Model Regression for Humidity
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Tree Regression Responses for LIBS Temperature
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Figure 116: LIBS Data Random Forest Model Regression for Temperature
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Appendix C. Additional Data Fusion Results
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Figure 117: Data Fusion PCR and PLSR Humidity Responses
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Figure 118: Data Fusion PCR and PLSR for Temperature Responses
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Figure 119: Data Fusion Random Forest Model Classification Confusion Chart
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Figure 120: Data Fusion Random Forest Model Humidity Confusion Chart
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Observed vs Predicted for All Data Temperature
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Figure 121: Data Fusion Random Forest Model Temperature Confusion Chart
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Figure 122: Data Fusion Random Forest Model Fill Gas Confusion Chart
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Observed vs Predicted for All Data Exporsure Time
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Figure 123: Data Fusion Random Forest Model Exposure Time Confusion Chart
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Figure 124: Data Fusion Random Forest Model Regression for Humidity
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Tree Regression Responses for All Data Temperature
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Figure 125: Data Fusion Random Forest Model Regression for Temperature
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