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ABSTRACT

Developments in semiconductor and laser technologies have facilitated
development of terahertz (THz)-frequency (~2-200 cm™) technologies. Results published
in the literature as far back as the early 20th century demonstrate the utility of this
frequency range for myriad applications, but the improved performance of modern THz
technologies has renewed interest in THz-frequency analysis. Material presented in this
dissertation focuses on three applications of terahertz time-domain spectroscopy (THz-
TDS): quantitation of gas-phase molecular species, analysis of polymeric materials, and
investigation of dental tissue/composite structures.

Gas phase species were quantified individually at concentrations ranging from
several parts per million to several parts per thousand using various chemometric
methods. Quantitative model robustness was evaluated by comparison of model
precision, and partial least-squares (PLS) regression methods provided the highest
precision. Species were quantified in mixtures using PLS with errors of prediction below
the permissible exposure limits (PELs) set by the Occupational Safety and Health
Administration. The effect of spectral broadening as a result of overall sample pressure
was investigated, and species were analyzed in mixtures at various overall pressures.
Errors of prediction were again near or below the PELs, demonstrating the utility of this
method over the range of pressures common for atmospheric analyses. Chemical
selectivity available in THz spectral features was evaluated and compared to selectivity
over infrared frequencies.

Spectral parameters measured in the THz frequency range also provide insight
into structural properties of polymeric materials. In some cases, spectral peaks may be
used to identify the temperature at which phase changes occur within these materials.
THz refractive index spectra were found to be a sensitive and non-destructive tool for

identification of phase transition temperatures.



The time-resolved measurement of THz-TDS makes it particularly useful for
rapid, non-destructive analysis of layered structures. Ordinarily, the strength of bonds
between dental tissues and composite materials are evaluated in the laboratory using
destructive failure analyses. Transparency of dental tissues and composite materials used
for restorative procedures to THz pulses allows investigation of interfaces between these
materials. Refractive index spectra indicate locations in which delamination has occurred
between bonded layers. These results provide an overview of unique capabilities of the

THz-TDS method in real-life spectral analyses.
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CHAPTER I
INTRODUCTION

Background
Advances in the methods used to generate and detect terahertz (THz) frequency
radiation have fueled the expansion of THz spectroscopy in recent years.'* While there is
agreement that the THz spectral region refers to frequencies between the infrared and
microwave (MW) regions of the electromagnetic spectrum, the exact frequencies of this
spectral range are not rigorously defined. Different ranges are specified in both the peer-

15-1 . . 18,1
>17 and documentation from instrument vendors.' " In general, THz

reviewed literature
frequencies are considered to extend from several hundred gigahertz (GHz) up to several
THz, and these frequencies provide information related to crystalline vibrations in solids,
intermolecular interactions in liquids, and rotational transitions in gases. Various
characteristics of the spectral features and properties of the measurement have made this
method particularly attractive for analysis of both gaseous and solid samples, each of
which will be described in more detail in their respective chapters. For example, the
rotational transitions probed with THz frequencies provide information related to the
composition and molecular structure of absorbing species, as opposed to the functional
group-related information obtained with vibrational spectroscopic methods. THz
radiation can also penetrate materials that are opaque to other spectral frequencies such as

2122 ¢loth,” leather,** and dry food stuffs,” opening a window for

polymers,20 paper,
noninvasive analysis and detection through these materials. These unique transmission
properties as well as the non-ionizing nature of THz radiation make THz technology
ideally suited for applications in various fields such as polymer manufacturing, security
and screening, and quality assurance.”’

Since the development of interferometric spectroscopy in the 1950°s*® and before

the advent of modern THz sources and detectors in the 2000’s,”’ broadband THz spectra



were often collected by using either dispersive or Fourier-transform (FT) spectrometers
equipped with a mercury arc lamp in combination with a bolometric detector. The low
radiant powers of the mercury arc lamps coupled with the poor sensitivity of the
bolometric detectors over THz frequencies resulted in poor signal-to-noise ratios and low
quality spectra. Modern THz spectrometers take advantage of novel semiconductor
sources and detectors that provide superior performance. A direct comparison of THz
sources reported by Zhang and co-workers reveals a peak power of only 0.0001 mW with
a dynamic range of 300 for a mercury arc lamp compared to a typical semiconductor THz
source that provides 1 mW of peak power with a dynamic range greater than 10°.*
Likewise, modern semiconductor THz detectors are more than 1,000 times more sensitive
than the liquid-helium-cooled bolometers used for FT measurements.”” Elimination of
cryogenic cooling is another benefit of the modern semiconductor THz technology. The
greater radiant powers and higher detector sensitivity of semiconductor-based THz
spectrometers provide superior spectral results, particularly over the spectral range of 0.3
to 4 THz (10-133 cm™). The exact frequency range available for spectral measurements
depends on key instrumental parameters, such as duration and power of the femtosecond
laser pulse, composition of the semiconductor material, and design of the emission and
detection antennae. A more thorough history of the genesis of THz spectroscopy has

been published elsewhere.*

Spectroscopic and Imaging Analysis

THz instrumentation and associated signal processing are under development for
both spectroscopic and imaging applications. Spectroscopic applications involve the use
of broadband sources to provide a measure of chemical information on the basis of
position and width of frequency-selective absorption bands. Imaging applications, on the

other hand, typically involve an analysis of radiation transmitted or reflected at interfaces



using radiation composed of narrow THz spectral bandwidths, or through analysis of the
time-domain signal (TDS).

For spectroscopic applications, a broad band of THz frequencies is needed,
particularly for the analysis of solid samples where the absorption bands can be broad,
having half-widths at half-maximum (HWHM) in the range of 2-11.6 cm™ at room
temperature.”’ In modern instruments, a broadband pulse of THz radiation is produced
from a semiconductor source, and this pulse propagates through the sample cell before
detection. The electric field vector of the received radiation is monitored as a function of
time to produce a time domain signal (TDS) that is analogous to a free induction decay
signal in NMR spectroscopy or an interferogram in FT-IR spectroscopy. A Fourier
transformation is then used to convert this TDS to a frequency domain spectrum. The
corresponding instrumentation is commonly referred to as a terahertz time-domain
spectrometer (THz-TDS). In the literature, and hence in this review chapter, the THz-
TDS abbreviation can also refer to a terahertz time-domain spectrum or a terahertz time-
domain signal depending on context.

Instrumentation used for imaging can be simple or complex depending on the
application. Efforts to develop methodology for the detection of concealed objects or the
assessment of the physical structure of an interface typically use a relatively narrow band
of THz radiation and the corresponding instrument is designed to monitor this band of
radiation as it is transmitted through, or reflected from, surfaces of different refractive
indexes.’

More complex instrumentation is required for chemical imaging. Mainly, a
broadband THz spectrometer is used in conjunction with a translation stage or an
elaborate robotic arm designed to orient the sample in three dimensions. A full THz
spectrum is collected at each pixel location across either a two-dimensional or three-

dimensional surface of the object under investigation. The combination of chemical



selectivity from a broadband THz-TDS instrument and spatial resolution from an imaging

system provide a powerful tool for many practical applications.

Instrumentation

Principal Elements and Concepts of Operation

Modern instrumentation for collecting a THz-TDS is analogous to a single-beam
FT instrument in the sense that in both apparatus, the intensity of transmitted or reflected
radiation is measured as a function of the position of a moving optical element. A
Michelson interferometer is generally used in FTIR spectroscopy to modulate the
detected radiation to produce the time domain spectrum, whereas an optical delay line is
used to create the TDS for THz-TDS. The THz electromagnetic radiation is produced by
an emitter and detected by a receiver. The resulting THz-TDS measurement corresponds
to the real-time detection of the electric-field vector of the THz electromagnetic wave
after it propagates through the sample compartment.

Both the generation and detection of THz radiation originates from an ultrafast,
femtosecond (fs) laser pulse at a near-infrared (NIR) wavelength. This NIR laser pulse is
split into a pump beam that is used to emit a band of THz radiation and a probe beam that
is used for detection of the THz radiation. Either the pump or probe beam passes through
a delay line that increases the optical path of this radiation. Various delay line
configurations are reported, each with its respective relative merits.’> Overall, changes in
the position of the delay line system allow sampling of the time-domain signal in a
discrete, time-gated manner. Lock-in amplification is used to enhance the signal-to-noise
ratio of the measurement.

Improvements in both the delay line and femtosecond laser are of interest, as
these units present bottlenecks in the maximum attainable scan rate, scan repeatability,
signal-to-noise ratio, and instrument footprint. In both photoconductive (PC) and electro-

optic (EO) detection schema, the portion of the terahertz pulse which arrives at the



detection unit congruently with the probe laser pulse is sampled. The sampling window
duration is defined in part by the NIR laser pulse width, as detection occurs only when

birefringence modulation (EO) or current flow (PC) are induced.

General Measurement Configuration

A generic diagram of the TDS apparatus is shown in Figure I-1. Here, the
ultrafast NIR laser pulse is split into the pump and probe beams. The pump beam strikes
a biased semiconductor, thereby emitting a broadband pulse of THz radiation. This
radiation is guided to the sample compartment where it interacts with the sample.
Subsequently, the transmitted THz radiation is guided to the detection module where the
time-delayed probe beam permits gated detection. A Ti:Sapphire laser is commonly used
to produce an 800 nm optical pulse over a period of less than 100 fs and a power on the
order of ten to several hundred milliwatts. Various semiconductor materials, such as
GaAs, InAs, radiation-damaged Si-on-sapphire (RD-SOS), amorphous Si, InAlAs, ion-
implanted Ge, and ZnTe, are available for emitting and receiving the THz radiation, and
each type of semiconductor exhibits a different frequency response.> Components
fabricated with the same semiconductor material and produced by the same manufacturer
can have slightly different emission or detection characteristics, likely the result of subtle

differences in the fabrication process.

THz Pulse Generation
While generation of THz pulses from unbiased semiconductor materials has been
demonstrated,*® most THz-TDS measurements utilize an emitter device produced by
microfabrication of antenna structures on the surface of a thin slice of semiconductor
material.>> An electrical bias is applied across the antenna structure, and the fs NIR laser
strikes the material between the two antenna electrodes, as shown schematically in Figure

I-2.



As the NIR laser pulse strikes the biased semiconductor material, a set of charged
carriers (excited electrons and holes) are generated and these charged carriers are
instantly accelerated within the biased electric field. The resulting acceleration of flow of
electrical current induces the formation of a coherent band of electromagnetic radiation at
THz frequencies across the poles of the emitter antenna.*® Current flow across these
emitters is exponentially proportional to the applied bias for low voltages, and the
intensity of the emitted THz radiation follows a similar trend.”> This THz pulse is
typically several hundred femtoseconds in duration, and propagates through the sample

and toward the detection system.

Beam splitter
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Probe Beam (fs pulses)
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X
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b P RES B

Detection Generation

Figure I-1. Generic configuration of a THz-TDS apparatus for transmission
measurements. A translation stage is depicted as an option that can be used
for transmission-based imaging. The sample would otherwise be positioned
in a stationary sample holder.

THz Detection
The two common modes of detection are the photo-conductive (PC) and electro-

optic (EO) configurations. In the PC configuration, a semiconductor receiver antenna is



simultaneously illuminated by both the NIR probe beam and the THz radiation. As in the
PC emitter device, each NIR laser pulse generates charge carriers between the antenna
electrodes. The antenna structure is unbiased and current flow occurs via interaction of
the THz electric field with the photo-generated charge carriers created by the NIR probe
pulse. Current flow is measured across the antenna leads and is proportional to the
intensity of the THz electric field in the sampled time window. The PC receiver device
configuration is shown schematically in Figure I-3.

In the EO configuration, the THz radiation and polarized NIR probe pulse are
simultaneously directed through an electro-optic crystal, and the transmitted NIR pulse
travels through a quarter-wave plate and Wollaston polarizer, as illustrated in Figure I-4.
The THz radiation alters the birefringence of the crystal, thereby altering the phase
characteristics of the co-propagating NIR probe beam, and the degree of phase
retardation imposed upon the transmitted NIR laser pulse is proportional to the intensity
of the coincident THz pulse. Once the probe beam has propagated through the EO
crystal, it passes through a quarter-wave plate, which converts the linearly-polarized NIR
probe beam to circularly polarized radiation. Circularly polarized radiation can be
thought of as a linear combination of two orthogonal linearly-polarized waves in which
the relative amplitudes of the two components vary in a sinusoidal manner with time,
where one of the two waves is 90°, V4 A, or 2  radians out of phase with respect to the
other polarization. The Wollaston prism separates the two orthogonal components of the
polarized NIR probe radiation and diverts each component to one element of a pair of
balanced photodiodes.’” As a phase delay is created from modulation of the EO crystal
by the THz radiation, the relative amplitudes of the two orthogonal polarization elements
of the NIR probe pulse are altered, which serves as a measure of the magnitude of the
THz radiant power.

The relative merits of the PC and EO detection configurations are summarized in

the literature.>® Basically, EO systems promise wider detection bandwidth, as the



bandwidth of the PC antenna is limited by the duration of the ultrafast laser pulse as well
as by the lifetime of the photo-generated charge carriers within the semiconductor
matrix.*® EO systems are also simpler in implementation than their PC counterparts.®®
PC-based detection offers decreased sensitivity to laser power fluctuation since current
flow in both emitter and receiver are proportional to the laser fluence. In practice,
however, the impact of laser power fluctuations is mitigated for EO systems by
modulation of the NIR laser with an acousto-optic modulator.’” Instruments that use an
EO detection scheme are more susceptible to interferences related to acoustic and
mechanical noise because detection involves the discrimination of minute differences in
polarization of the NIR probe beam.’” More details for both detection modes are

available elsewhere.*

Continuous Wave Components

Continuous wave (CW) THz radiation can also be used for both imaging and
spectroscopic applications. CW measurements tend to have lower signal-to-noise ratios,
however, and are most appropriate for imaging where a narrow band of radiation is
acceptable. The simplicity and potential low cost of CW sources can be attractive for
certain applications. Methods of CW generation include the use of molecular gas (such
as CO,), semiconductors, p-doped germanium, lead salt (such as PbSe), quantum cascade
lasers (QCL’s), diode-based MW devices, backward-wave oscillators (BWQO’s),
synchrotrons, free-electron lasers, and photomixing devices.”> CW detectors include
photo diode-based systems, bolometers, Golay cells, and pyrometers.”> A variety of
instrumental configurations and measurement modes (TDS or CW) are described in the

literature to meet a variety of novel analytical challenges.”’

Signals in the Time and Frequency Domains

The THz-TDS is collected as a measure of the magnitude of the electric-vector of

the broadband THz pulse as a function of time. The time delay of the measured signal



corresponds to the rate at which the THz radiation travels through the sample cell and
reaches the detector optics and electronics. The timing of the measurement is controlled
by the arrival of the NIR probe laser pulse as determined by the position of the delay line.
The measured TDS is characterized by a large intensity burst, referred to as the
main peak, followed by decay in the amplitude of the detected signal. Prior to the main
peak, the optical path of the probe beam is shorter than that of the pump beam because
the velocity of the THz pulse is reduced by the refractive index of the material located
within the sample compartment. The pre-main peak signal provides a measure of the
background noise, as the THz pulse has not yet reached the detector. As the delay line is
scanned, the path of the probe beam increases and the detected signal corresponds to the

intensity of the THz radiation arriving at the detector at subsequent times.
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Figure [-2. Schematic diagram of a typical biased semiconductor THz emitter.
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Figure I-3. Schematic representation of a PC antenna receiver.
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Figure 1-4. Configuration of optical components for EO detection.
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Examples of typical THz-TDS are provided in Figure I-5. As indicated in this
figure, the THz-TDS is similar to an asymmetric interferogram from an FT-IR
experiment or to the free-induction decay (FID) signal obtained during operation of an
FT-NMR instrument. The THz-TDS plots in this figure illustrate typical spectra
collected for solid samples when transmitting the incident radiation through a sample
composed of the analyte dispersed within a pressed pellet of polyethylene (PE). The
figure shows the reference and sample time-domain signals as well as the difference
between the reference and sample waveforms. For the data in this figure, the reference
signal was collected with a 200 mg pellet prepared with ultra-high molecular weight
(UHMW) PE with a particle size range of 53-75 microns. The sample signal was
collected with a 195 mg pellet comprised of the aforementioned PE powder mixed with
crystalline B-lactose with a particle size less than 50 microns. The concentration of
lactose in the mixture was 5.037 wt-%, and the pellets were prepared by compression in a
13 mm diameter die using 5 long tons (3,827 kg-cm™) of pressure. The difference
between the two signals represents the portion of the original signal absorbed by the
crystalline lactose.

The THz-TDS measurement is based on pulses of coherent broadband radiation,
so the signal can be thought of as a collection of cosine waves of a distribution of
frequencies that have been superimposed, with constructive interference occurring at the
main peak. As such, the reference and sample time-domain signals can be Fourier
transformed (via the fast Fourier transform, or FFT, algorithm) to convert the data from
the time domain to the frequency domain. The frequency-domain plot is referred to as a
single-beam spectrum, since the reference and sample are measured independently, rather
than simultaneously, as they could be measured in a dual beam spectrometer. The single-
beam spectra for the reference and sample TDS’s presented in Figure I-5 are shown in
Figure [-6. The absorption spectrum of these signals is shown in Figure I-7. The final

step in calculating the absorption spectrum (A(Vv)) is performed by taking the base-10
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Figure I-5. Example of time domain signals (TDS) from THz-TDS measurements as well
as the difference between the reference and sample TDS’s. The reference
signal was obtained from a 200 mg pellet of PE, the sample spectrum
corresponds to a sample of 5.037 wt-% of B-lactose in PE, and the difference
spectrum was calculated by subtracting the sample TDS from the reference
TDS. Plots are offset vertically for comparison.
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Figure I-6. Single-beam spectra of the PE reference (dashed) and PE/lactose sample
(solid) described in the caption for Figure I-5.
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Figure I-7. Absorption spectrum of B-lactose generated from the single-beam
transmission spectra presented in Figure 1-6.
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logarithm of the ratio of the sample single-beam spectrum (I (V) sqmp) divided by the

reference single-beam spectrum (I(V),¢f), as denoted in Equation 1:

Equation I-1

The absorption spectrum calculated from the single-beam spectra presented in Figure 1-6
is shown below. The observed absorption peaks correspond to crystal phonon vibrations
of B-lactose. As with other FT spectroscopic methods, signal averaging can be performed
with THz-TDS to enhance the measurement signal-to-noise ratio by decreasing random

noise.

Signal Pre-Processing

Raw TDS’s are typically processed prior to the FFT calculation in order to
enhance the quality of the final spectrum. Two common pre-processing methods are
apodization and zero-filling. An apodization step can be carried out with the time-
domain signal immediately before transformation to the frequency domain. This step can
be described as a weighting of the time-domain signal, and is performed using one of a
variety of apodization or “windowing” functions. Application of the apodization function
can improve spectral quality by excluding artifacts and reducing noise. Care is
warranted, however, because extreme apodization can lead to distortion of the spectral
features and loss of spectral information, especially when the instrumental resolution
approaches the width of the analyte spectral features.

A variety of apodization functions are available to improve the final frequency
domain spectrum. The simplest apodization function is the boxcar function where the
raw data is essentially multiplied by unity so the FFT is performed on the raw, un-
weighted time-domain signal. Other functions have a different multiplication pattern so
different regions of the TDS are enhanced while other regions are attenuated in

magnitude. These functions often have a value of 1 near the main peak and decrease
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toward zero nearer the extremities of the sampled time window. Several examples of
apodization functions include: triangular,” Happ-Genzel,” Hamming,** Norton-Beer
weak medium and strong,*' and Blackman-Harris 3-term and 4-term.” The “severity” of
the apodization function can be described by the rapidity with which the function
approaches its minimum value. Functions that approach zero nearer the main peak
provide a smoother frequency-domain spectrum, but such functions have the propensity
to diminish and broaden narrow absorption bands or high-frequency chemical
information, the oscillations of which tend to be prominent at greater distances from the
main peak in the TDS. Features of the spectrum are smoothed via this process, though
the width of absorption peaks can also be increased. Asymmetry characteristic of the
typical TDS affords another parameter for optimizing the apodization function.

Functions can be applied in an asymmetric fashion, with each end reaching the same
value, or symmetrically, where the function is calculated as though the pre-peak portion
of the signal was the same length as the post-peak portion. Several sample asymmetric
apodization functions are shown below in Figure I-8. The TDS in this image has been
normalized to provide a consistent y-axis scale and allow visualization of the function
features relative to features of the TDS. The order of strength of these apodization
functions illustrated in Figure I-8 is Blackman-Harris 4-term > Blackman-Harris 3-term >
boxcar.

The impact of the apodization functions can be seen in Figure 1-9 which presented
the resulting absorption spectra computed by applying each of the apodization functions
presented in Figure 1-8 to the TDS signals presented in Figure I-5. A comparison of the
resulting absorption spectra highlights the reduction in high-frequency noise by applying
a stronger apodization function to the TDS data.

A comparison of several apodization functions (including an optimized function) and
application to THz-TDS has been reported by Dudley and co-workers.*” In this paper, a

process is described in which functions are applied to the time-domain signal, and the
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resulting signal and frequency-domain spectra are compared to the original (unaltered)
data sets. The performance of each function is evaluated on the basis of the root-mean-
square (RMS) percent difference between the apodized and unapodized data. It is shown
that the optimized function outperforms others, especially when the original data have
been degraded significantly. In Dudley’s work, the Mertz and Hamming apodization
functions also enhance the THz spectral quality compared to a simple boxcar function
(also known as a rectangular or Dirichlet apodization function), but to a lesser extent than

their optimized function.
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Figure I-8. The PE/lactose sample TDS is shown with several examples of apodization
functions. Areas of the TDS falling under portions of the apodization function
with high magnitude will be represented to a greater extent in the final
absorption spectrum compared to those nearer the ends of the TDS where the
apodization function is of lesser magnitude. Oscillations visible in the TDS
from the main peak out to approximately 15.5 mm contain most of the spectral
information of crystalline lactose. Note the appearance of a reflection artifact
near 16.7 mm. An etalon “echo” is responsible for the appearance of this
artifact, as described in the section titled “Analytical challenges for
quantitative measurement of solids.”
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Figure [-9. Absorption spectra from the same PE/lactose sample calculated using several
different apodization functions. Note the attenuation of baseline oscillations

with an increase of the apodization strength.

Zero-filling, also known as “zero-padding”, “Fourier interpolation” or “zooming,”
is a method that is commonly used to provide more spectral data points within a given
spectral range. The additional data points do not contain chemically-specific
information, but represent interpolated points between the actual, chemically-relevant
points. The result is a smoothing of the spectral features within a spectrum. Zero-filling
involves adding zeros to the end of the TDS prior to implementing the FFT calculation.
The spectra presented in Figure I-10 show the impact of different levels of zero-filling on
the principal absorption features in the absorption spectrum of -lactose. The smoothing

effect is evident as the number of points increases and the point spacing decreases. Still,
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these additional points do not enhance the spectral resolution, as the amended portion of
the signal is artificial and contains no true chemical information. Zero-filling can
improve peak fitting by clarifying the shape of the spectral features that can be captured
with the nominal resolution of the spectrometer.

The list below provides the experimental procedure used for the sample
preparation, data collection, and data processing used to produce the signals and spectra
above. Standard experimental parameters for each step are indicated in parenthesis.

(1) Sample preparation

a. PE reference pellet (mass, compression pressure)
b. PE/B-lactose sample pellet (mass, analyte concentration, compression
pressure)

(2) Reference spectrum acquisition (resolution, signal averaging)

(3) Sample spectrum acquisition (resolution, signal averaging)

(4) Apodization (function selection)

(5) Zero-filling (levels of filling)

(6) Single-beam/absorption spectrum calculation

Measurement Modes

Transmission Spectroscopy
In many cases, spectroscopic characterization of a sample must precede imaging-
based investigations, in order to establish the optical and spectroscopic properties of the
material in question. Besides fundamental optical properties of the material, quantitative
aspects of the sample are commonly important. Such quantitative information can be
obtained from transmission spectroscopy where the concentrations of individual
components are derived from an analysis based on the Beer-Lambert relationship

presented in Equation I-2.
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Figure I-10. Zero-filled absorption spectra from a sample of 5.037 wt-% B-lactose
dispersed within a PE pellet. Spectra obtained from the analysis of zero-filled
TDS extended to the nearest power of 2, where “N” is the next power of 2
from the length of the raw TDS, and higher orders of zero-filling are integer
multiples of this value. The spectrum calculated with N data points is shown
starting at ~0 A.U., and 2xN, 4xN, 8xN, and 16xN are shown with vertical
offset of 0.1 A.U. from this spectrum. As more levels of extension are added,
more data points are present in the spectrum, providing a smoother
appearance.

A() = e(W)bc Equation I-2
where A(v) is the absorption of radiation at a certain frequency v, b is the optical path
length, c is the concentration of the absorber, and (V) is the molar absorptivity, in units
of inverse path length and molar concentration (such as cm™-M™). A linear relationship
is observed experimentally between absorbance and concentration, but this linear
relationship is ultimately limited at both low and high analyte concentrations. Below the

limit of detection, absorption from the sample cannot be observed when the amount of
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absorbed radiation is not significantly different compared to the background noise on the
optical signal. The limit of detection depends on the sensitivity of the absorption signal
(e.g., e(v)b in Equation I-2), as well as the instrumental signal-to-noise ratio at the
frequency of the spectroscopic measurement. Sensitivity is a crucial characteristic of
analytical measurement which is determined by the change in measured signal as a
response to changes in the analyte concentration. High sensitivity is obtained when the
analytical signal changes greatly in response to a minute change in analyte concentration.
Non-linearity can be observed at high analyte concentrations based upon inter-molecular
interactions within the sample as well as by non-linearity in the detector response as
transmitted radiation levels drop below the detectivity of the detector optics and
electronics.

Equation I-2 is only appropriate when the analyte of interest is the sole absorber
of the incident radiation. For cases where multiple absorbers are present, Equation I-2
must be expanded to include separate absorbance values from the individual components
within the sample matrix. For example, if one were to simulate a pharmaceutical product
containing lactose, glucose, and acetaminophen, the absorption would be expressed as
presented below as Equation I-3:

AW) = [e(W)acCac + €(V)paCra + eW)gicailb Equation I-3
where €(v) 4. and ¢4, are the absorptivity and concentration of acetaminophen, £(v),
and c;, are the absorptivity and concentration of lactose, and €(v)¢; and cg; are the
absorptivity and concentration of glucose, respectively. In this case, b would represent
the thickness of the tablet or pellet. The resulting absorption measured at any frequency
is a sum of contributions from all species and this linear combination of absorbances
assumes no chemical interactions between the sample components.

Chemical selectivity is required for accurate quantification within mixtures

composed of multiple absorbing species. Chemical selectivity is a measure of the ability
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to distinguish between two species based on differences in their spectral features.
Selectivity thus relies upon the uniqueness of the position and shape of absorption
features for each sample component. In simple cases where absorption bands are fully
separated for each sample component, the degree of selectivity can be estimated by visual
inspection of the corresponding frequency-domain spectra. When spectral features
overlap, however, the degree of spectral uniqueness can be determined as the “net analyte
signal” (NAS), which is a spectral vector that represents that portion of the analyte
absorption spectrum that is orthogonal to all sources of spectral absorption within the
sample matrix and background signal.* Equation I-4 provides the calculation of the
NAS:

NASkyn = (I = R_ RY )1y Equation 1-4
where NAS), ., 1s the net analyte signal for species £, I is the identity matrix, R_y is the
response matrix (absorption spectra) without the spectrum of species k&, 1y, is the spectrum
of species k, and the superscript “+” represents the Moore-Penrose pseudoinverse
operation.

One measure of the selectivity of a measurement is to compare the length of the
NAS spectral vector of the analyte to the length of the original spectral vector for the

analyte of interest,** as indicated in Equation I-5:

SELgn = INASanll/ 172l Equation I-5
where the Euclidian norm (indicated by the vertical bars) of the NAS vector (NAS,;,) of
the principal analyte species in the sample matrix (denoted with the subscript “an”) is
divided by the Euclidean norm of the pure analyte spectrum (7). In one extreme, the
matrix contains no interfering species so there will be no spectral overlap with the pure
component spectrum of the principal analyte. In this case, the NAS spectrum will be
identical to the pure component spectrum, the length of the two vectors will be

equivalent, and the ratio (SEL,,,) will be unity. On the other extreme, there is 100%
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overlap between the pure component spectrum of the analyte and components within the
matrix. In this second case, no NAS spectrum exists, the length of the NAS vector is
zero, and the ratio (SEL,,,) is zero. For all situations in between, the selectivity ratio
(SEL,,) ranges from 1.0 to 0. The theoretical basis and analytical utility of the NAS will
be described in greater detail in Chapter IIL

The THz region of the electromagnetic spectrum offers the potential for
selectivity based on unique absorption features associated with inter-molecular
interactions. As such, spectral features are a product of the entirety of the crystalline
structure of the compound and the unique vibrational characteristics of this structure. For
comparison, analytical measurements with vibrational spectroscopy over mid-infrared
frequencies are based on absorptions associated with specific chemical bonds and
molecular functional groups that can be common between sample constituents, thereby
producing spectral overlap and adversely impacting measurement selectivity.

Transmission measurements from THz-TDS measurements can also be used to
determine the refractive index of a sample. Such direct refractive index values are derived
from the timing of the propagated THz radiation in combination with the coherency of
the incident radiation.” Refractive index measurements are useful in characterizing
materials and to quantify the heterogeneity of a given sample, assuming the species in the
sample matrix have different THz refractive indices.*® Moreover, the refractive index can
be used to assess the dielectric constant for sample materials by squaring the frequency-

dependent complex index of refraction.”’

Attenuated Total Reflectance (ATR) Spectroscopy
Reflectance spectroscopic measurements are required in circumstances where the
sample is strongly absorbing, highly scattering, thick, or present in limited quantities. In
such cases, a reflectance measurement through an attenuated total reflection (ATR)

module may be the best way to collect the desired spectral information. In an ATR
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measurement, the sample is placed in contact with a crystal and the incident radiation is
introduced into the sample through this crystal. Generally, the crystal is a high THz
refractive index material, such as silicon or germanium, and the spectrum is collected
through the evanescent field established at the interface between the sample and the
crystal. A schematic of the instrumental configuration for such a measurement is
provided in Figure I-11.

An important parameter for any ATR measurement is the penetration depth,
which corresponds to the effective distance the radiation propagates into the sample
material. This penetration depth defines the optical path length for analytical
determinations, thereby impacting the overall sensitivity of the measurement. The

penetration depth is given by Equation I-6:

. 1 Equation I-6
dpen = [Zﬁ(ngrystal sin® 6 — n?ample) 2] a

where d,., is the penetration depth in meters, A is the wavelength in meters, ngrysmlis
the square of the refractive index of the ATR crystal, 8 is the angle of incidence (in
degrees) of the THz radiation at the crystal/sample interface, and n?amp le 18 the square of
the refractive index of the sample. For a measurement, the incident radiation is reflected
at the sample-crystal interface and a portion of the incident wave propagates a short
distance into the sample. The penetration depth depends on several parameters as noted
in Equation I-6, including the wavelength of the propagating radiation and the angle of
incidence at the sample-crystal interface. Figure I-12 shows this dependency for
germanium and silicon crystals over the THz frequencies for different angles of
incidence. The strong dependency on frequency of the THz radiation is evident by this
plot with penetration depths of nearly 1 mm at the low frequencies and only 10 pm at
high frequencies. Snell’s law (Equation I-7) provides a guideline for samples that can be

analyzed with an ATR geometry.

sin 6, = (n,/n,) sin 6, Equation I-7
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where 6 is the angle of incidence, n; is the refractive index of the ATR crystal, n, is the
refractive index of the sample, and 6, is the angle of the refracted radiation. Equation I-7
illustrates the dependence of the critical angle of reflection on the refractive index of the
ATR crystal and the sample, a condition which is met when 6, is equal to 90°. If the
difference between the refractive indexes is not sufficiently large, reflection will not
occur at the crystal/sample interface and the incident radiation will be lost in the sample
and none of the radiation reaches the detection optics. As a result, manufacturers of ATR
modules often provide optical configurations having different angles of incidence or
continuously variable angles of incidence (varying 6, ), as well as a variety of ATR
crystal materials. ATR-based experimental designs must account for both the
absorptivity of the species as well as its refractive index.

A hand-tightened anvil is sometimes used to bring the sample into intimate
contact with the surface of the ATR crystal and drive air from between analyte particles.
While an anvil is not required for THz-TDS ATR measurements, improved performance
is obtained when it is included. Results indicate, however, that absorption spectral
features will change depending on the applied pressure.”® In general, as the pressure of
the anvil is increased, the sample is brought closer to the ATR crystal and the protruding
evanescent wave. Air is displaced from this region as it is replaced by the sample,
effectively increasing the degree of interaction between the radiation and sample and
increasing the sensitivity of the measurement.*®

The versatility and ease of use associated with the ATR geometry have made it
appealing for qualitative work. Very small sample quantities (down to sub-milligram
masses) can be analyzed rapidly and non-destructively without sample preparation.*®
Quantitative work with such a module would be far from trivial however, as the
attenuation of reflected radiation is not only a function of the substance’s absorptivity,
but also a function of the sample’s refractive index. Were two sample powders to be

analyzed in a mixture, the ratio of the two species would need to be established prior to
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analysis, as the penetration depth, and thus degree of attenuation of THz radiation in each
powder, would vary. Sample mixture heterogeneity would also significantly impact the
penetration depth. Refractive index of the sample represents another constraint on such
measurements, as a sample with a high refractive index will allow radiation to couple

from the ATR crystal to the sample with lower reflection according to Snell’s law.

Reflection: Air Propagation

Reflection measurements can also be carried out by propagating the THz pulse
through air and allowing the radiation to interact with the sample at the sample/air
interface. This measurement mode has an advantage over ATR-based reflection
measurements in that there are no reflective losses of radiation associated with the
coupling of the THz pulses into a crystal of high refractive index. Measurements can also
be performed with samples too harsh for an ATR crystal, such as hard samples that may
abrade the ATR crystal surface or those which may chemically attack the crystal material.
Samples with curved or irregular surfaces may require characterization with this
measurement mode, as interrogation with an ATR crystal requires intimate contact. As
can be seen in Figure I-12, surfaces at a distance greater than approximately 100 um from
the ATR crystal will go unprobed, as the evanescent field does not extend this far into the
sample at the wavelengths accessible with most THz-TDS instruments.
For diffuse reflectance measurements, timing of the pump and probe beams must be
adjusted to account for the thickness of the sample and the corresponding transit of the
THz pulse within an irregularly shaped sample. Such a match can represent a practical
limitation for diffuse reflectance-based measurements in that the effective thickness of
the sample must be known and the distance through the corresponding optical delay of
the probe beam must be adjustable to match the distance through the sample while
maintaining a stable alignment. Figure I-13 shows a schematic of a THz-TDS in a

reflection configuration.
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Selected Gas Phase Literature

Spectroscopic investigation of gaseous species using THz frequencies is by no
means a recent development. Scientific literature covering this topic dates back at least
to 1934 when Cleeton and Williams published results from their experiments with
gaseous ammonia using wavelengths around 1 cm,* followed by reports of the water
vapor absorption spectrum in 1935 and 1937 by Barnes and colleagues™ and Randall and
colleagues,’' respectively. These milestones in the THz literature were succeeded by
Allied involvement in World War II, which spurred the development of various
microwave technologies which would eventually be utilized for scientific endeavors.”® A
brief timeline of scientific milestones related to rotational spectroscopic analysis of

gaseous species as well as the development of THz-TDS technology is shown below.

Timeline

*Stars denote advances integral to the operation of the THz-TDS apparatus.

e 1880 — Langley invents the bolometer.>>

e 1896 —J. C. Bose uses electromagnetic waves to perform various tasks from a
distance, including the detonation of gunpowder and ringing a bell.”

e 1897 —1J. C. Bose develops components for the generation and detection of
millimeter waves>*

e 1897 — Rubens and Nichols describe production, manipulation, and detection of
“rays of great wavelength”.>

e *1904 — Hagen and Rubens examine the reflectivity of various metals in the THz
range and discover very low losses with many metals.®

e 1911 — Rubens and Baeyer demonstrate the utility of a quartz-enveloped mercury

arc lamp for generation of far-infrared radiation.”’
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1923 — Nichols and James Tear join the electrical and optical regions using a
Hertzian oscillator to generate wavelengths as short as 220 pm (45.45 cm™ or
1.36 THz).”®

1924 — Glagolewa Arkadiewa uses brass filings immersed in oil to generate
wavelengths around 90 pm (111.11 cm™ or 3.33 THz).”

1933 — Cleeton and Williams report gas-phase spectroscopy of ammonia at 1 cm
wavelength.*’

1935 — Barnes, Benedict, and Lewis publish a complete absorption spectrum of
water vapor to 170 um (58.82 cm™ or 1.76 THz).”

1937 — Randall and colleagues utilize a grating-based spectrometer to distinguish
between absorption lines with a resolution of 0.5 cm™ at 75 um (133.33 cm™ or
4.00 THz).”!

1940’s (early) — Microwave technology expands greatly with the Second World
War. KRS-5, CsBr, and Csl optics extend useable spectral ranges to 35 um
(KRS-5, 285.71 cm™ or 8.57 THz) and ~60 pm (CsBr and Csl, 166.67 cm™ or
5.00 THz), extending the spectral range of dispersive instrumentation. The cooled
bolometer is applied to the detection of far infrared (FIR) radiation.*®

1946 — First mm-wave klystron described.*®

1947 — Marcel Golay invents the pneumatic infrared detector, later referred to as
the Golay cell.*’

*1950’s — Computers become more common-place, enabling elaborate
spectroscopic analyses, especially those involving interferometry.”

1953 — The backward-wave oscillator (BWO) is developed as a source of far-
infrared radiation.®'

1954 — King and Gordy extend the range of microwave sources to frequencies

above 300 GHz.*?
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1956 — Gebbie and Vanasse report the spectroscopic application of a reflection
interferometer to the analysis of radiation transmitted through water vapor.*

1957 — Strong describes developments in interferometry and applications to far-IR
spectroscopy.®*

1959 — Boyle and Rogers report a new and convenient carbon bolometer.®’

*1959 — Fray and colleagues describe the operation of a photoconductive detector
for far-infrared radiation.*®

*1960’s — The development of laser technology provides various intense sources
in the far-IR region.*

1960 — Putley reports the development of the n-type indium antimonide
bolometer.®’

1961 — Low describes a cooled bolometer constructed with germanium.®®

1966 — Pyroelectric detection is reported by Putley, providing enhanced access to
far-IR frequencies.”

1967 — Ulrich describes efficient low-pass filters for the far-IR region.”

1970 — Optically pumped far-IR lasers (OPFIRL) are developed, providing an
intense source of far-IR radiation.”’

1975 — The first free electron laser (FEL) is brought into operation.”

*1980’s — Improvements in lithographic techniques yield smaller generative
structures and thus extend the emitted frequency range of THz sources. >

1980’s (late) — Advent of THz-TDS.”

*1981 — Mourou et al. describe the generation of ps-duration microwave pulses
using Nd: YAG laser-pumped Ge photoconductive switches.”

1981 — Smith and colleagues develop an improved photoconductive film

consisting of radiation-damaged silicon-on-sapphire (RD-SOS).”
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e *1984 — Auston et al. describe the generation, transmission, and detection of ps-
duration electromagnetic pulses using excited photoconductor antennas, without
intermediate excitation steps.’®

e *1987 — DeFonzo and Lutz emit far-IR electromagnetic pulses and allow them to
propagate in air, performing detection with identical photoconductive antennas.”’

o *1988 — Fattinger and Grischkowsky demonstrate enhanced coupling of THz
radiation via Si lenses.”

e *1991 — Femtosecond pulses are generated using a self-mode-locked Ti:sapphire

laser by Spence and colleagues.”

Selected Literature by Species

In this dissertation, acetaldehyde (CH3;CHO), acetonitrile (CH;CN), ammonia
(NH3), ethanol (CH;CH,OH), methanol (CH30H), propionaldehyde (CH;CH,CHO),
propionitrile (CH3;CH,CN), and water (H,O) vapors were selected for analysis with the
THz-TDS apparatus for a variety of reasons such as structural, toxicological,
environmental, and spectroscopic properties. Rotational spectroscopic constants and
features have been published for each of these species in the peer-reviewed scientific
literature for various reasons such as astronomical investigations, structure elucidation,
and development of theoretical models. While the intended use of the respective
constants or conclusions published in these works may not overlap with the purpose of
the THz-TDS investigations described herein, this body of literature nonetheless provides
evidence of spectral features observed in the THz range and in some cases supports the
theoretical origins of such features. Often times, these publications will provide tabulated
parameters, some of which will be discussed in greater detail in Chapter IV.

Spectroscopic investigations of these species are carried out not only with the
most common of isotopes, but also with rare species such as singly or multiply-deuterated

species. Despite their decreased relative abundance, the characterization of these species
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is still significant, as their contribution to spectral data is proportional to their
concentration (or abundance), as dictated by Beer’s law (Equation 1-2). As such, any
atmospheric measurement of a species will contain the spectral signature of the common
isotope superimposed on that of the rare species. Deuterated species also provide an
experimental parameter which may provide additional insight into theoretical models,
since the rotational spectrum of species (like the vibrational spectrum) is dependent in
part by the mass of constituents. The phrase “common isotope” is used to denote the
natural abundance distribution of isotopes for each molecule: 'H '*C '*N;, and '°O. The
composition of rare isotopes is described explicitly when necessary. It is also important
to note that in some cases, published accounts will describe transitions for the same
molecule and isotope, but work in the field continues as new transitions are discovered
and the theory is refined. These discoveries are due in part to the use of novel, improved

instrument configurations as well as enhanced experimental methods.

Acetaldehyde

Several publications have focused on the rotational spectral features and
parameters of acetaldehyde in spectral regions bordering the high and low-frequency
ends of the useable range of current THz-TDS instrumentation. Microwave spectral
analysis of acetaldehyde has been reported, providing a set of spectral parameters and
molecular constants up to a frequency of 16.68 cm™.**® The impact of torsional motion
on the microwave spectrum of acetaldehyde and the corresponding parameters have been

. 180,83,85,86
characterized,”” ™

along with the fundamental torsional transition, which may be
observed in the far-IR frequencies around 150 cm™ %3 #"- % Deyterium substitution has
also been used to investigate spectra at microwave frequencies, including CH,DCHO,*"
** CHD,CHO,* CD;CDO,” CH;CDO,”" CHD,CHO,” * and CD;CHO.” The rich

rotational spectrum of acetaldehyde is evident from the details of these reports.
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Acetonitrile

Rotational spectral features of acetonitrile vapor have also been characterized.
Molecular parameters and peak positions have been reported for the common isotope
(*CH;"*C"N) over microwave frequencies,”” THz frequencies,’* and the far-IR spectral
range.”> " Spectral broadening of acetonitrile caused by the sample pressure was
characterized by Schwaab and coworkers’’ and is described in greater detail in Chapter
IV. Scientific literature has also been published in which the spectral features and
molecular parameters of isotopically labeled compounds are reported. For example,

98,99 as well as

values have been reported for completely-deuterated acetonitrile (CD3;CN),
those containing isotopes of carbon and nitrogen such as *CD;CN,’** CD;"*CN,”
CD3C15N,99 13CH3CN,93 CH5"P CN,93 and CH3C"N.”* For some molecules, rotational
transitions of molecules in an excited vibrational state will overlap with the ground state
rotation spectrum, increasing the complexity of observed spectral features. Rotational

transitions of acetonitrile in the vg vibrational state were reported by Boucher” and

Matsumura.”

Ammonia
Spectroscopic parameters of ammonia have been published across the THz

1 101 : 49, 102-1
90- 191 and experimental data.* "% These

spectral range both from theoretical analyses
efforts (and others) helped to establish a set of parameters that accurately predict the
molecular rotational spectra of ammonia. The spectrum of ammonia was also reported by
Kolbe and Leskovar in 1983 up to 46.7 cm™.'% Similar efforts have been published for
ND;."” The effect of collisional broadening of ammonia spectral features has also been
characterized by several researchers, covering a range of rotational transitions.'™ "' Like
acetonitrile, absorption features of ammonia rotational transitions can be readily observed

for molecules in excited vibrational states such as the v, and 2v; states, as described by

Husson, Goldman, and Orton.'® One particularly interesting spectroscopic feature that is
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observed with ammonia vapor is a set of transitions related to a phenomenon known as
“inversion”. To understand this phenomenon, imagine that a plane is drawn through the
nitrogen atom in the ammonia molecule which is parallel to a plane drawn through the
three hydrogen atoms. With perturbation via electromagnetic radiation of certain
frequencies, these hydrogen atoms will cross the plane drawn through nitrogen,
producing the mirror image of the initial ammonia molecule. Inversion transitions are
observed at low frequencies (0.043 to 0.077 cm™, or 1.3 to 2.3 GHz),'"” but the rotational

spectrum of the species is further complicated by these transitions.'® '

Ethanol

The rotational spectrum of ethanol bears little resemblance to spectra of the other
compounds described thus far. Throughout the decades following World War II, several
groups of researchers have studied the spectroscopic features of ethanol. Bak and
coworkers provided a rough outline of microwave spectral features near 1.25 cm™.''?
Michielsen-Effinger provided a set of rotational constants and centrifugal distortion
coefficients in 1969.'"° Transitions associated with trans and gauche conformations have
been identified by Sasada''*and Pearson,'"” respectively. Durig and Larsen described the
rotational and torsional spectrum of ethanol from 50 to 370 cm™."'® Both the common
isotope (CH3CH,OH) and a singly-deuterated isotope (CH3CH,0OD) were analyzed in this
work, providing spectra of each species. While the spectra of ethanol may appear to
consist of one broad featureless continuum, Durig and Larsen report a large degree of ro-
vibrational fine structure in the far-IR and THz spectral ranges.''® A thorough
investigation of the 0.40 to 55.04 cm™ range was reported by Pearson in 2008, identifying
at least 10,000 transitions in these frequencies.''” A collection of microwave-frequency

studies of ethanol was compiled by F. J. Lovas in 1982.'®
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Methanol
Methanol has been studied extensively by the spectroscopic community, likely
owing to its strong far-IR emission as well as its identification in astronomical spectral

. 11
observations.'"’

Methanol also serves as a sort of model molecule, being one of the
simplest molecules that exhibits a barrier to internal rotation.'** Microwave spectra and
parameters of this species have been reported over the span of several decades as
theoretical models and instrumental methods developed. The microwave spectrum of
natural abundance isotope molecule of ammonia has been described by Herbst,'?° Xu,'?!
Lees,'” Sakai,”® and Moruzzi,'> amongst others, covering various transitions between
0.017 and 90 cm™. The rotational spectrum of the natural abundance isotope molecule
has also been studied extensively from a theoretical standpoint.'** '** Peak positions and
molecular constants have also been reported for isotopically labeled molecules such as
13CH30H,12 1,122 CH3180H,122’ 126, 127 CHZDOH,128 and CD;0D.'? The torsion-rotation
spectrum of methanol has also been widely reported over the far-IR frequency range.
Literature accounts are available for the common isotope'*® as well as rare isotopes such

as CH,DOH,"! CH;0D,'** CD,0D,'* '*? cD,0H, 3" ' BCH,0H,'" and CH;'"0H,"*

as examples.

Propionaldehvde

Like ethanol, propionaldehyde exhibits a rotational barrier which gives rise to
unique spectral features associated with unique rotational conformers, referred to as the s-
cis and gauche conformers. Much of the found scientific literature focuses on the
investigation of propionaldehyde’s internal rotation barriers, and most involved the
investigation of the natural abundance isotope molecule. Rotational features have been
reported over the microwave region by Pickett,'*® Butcher,"*® and Randell."*” These
accounts also provide a set of molecular parameters describing the structure and spectrum

of propionaldehyde. The barrier to internal rotation has been studied and reported in
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several accounts from Smeyers,"*® and Durig,'* '* focusing on transitions in the far-IR
frequency range. One of Durig’s analyses also examined isotopically labeled

propionaldehyde such as CH;CH,CDO, CH3;CD,CHO, and CD3CD2CHO.13 o

Propionitrile

Propionitrile has been studied by several groups, though attention has been
focused primarily on the microwave frequencies. Peak parameters and molecular
parameters for the natural isotope molecule have been reported by Laurie,'*' Lerner,'*

14 . 144
Fukuyama,'* and Burie.

These experimental efforts were later supplemented by the
theoretical work of Demaison and coworkers in which the energy of the torsional barrier
and equilibrium structure were determined.'*> Spectroscopic characteristics of
isotopically labeled compounds such as CH;CH,"*CN,'** CD;CHDCN,'** and
CD;CD,CN' have also been reported. F. J. Lovas published a review of MW

spectroscopic investigation of propionitrile in 1982.'"®

Water

Of all the candidate molecules described in this overview, water vapor has
received a majority share of attention, likely due to its abundance in the atmosphere.
Characterization of water’s rotational absorption spectrum is also of interest to those
performing astronomical and atmospheric measurements, as its absorption features will
be present in any THz-frequency measurement performed within the earth’s
atmosphere.'*” Absorption peak positions and molecular parameters have been reported
on various occasions, covering several decades of investigation. Many studies have been
carried out with the common isotope of water, H,'°0. Peak positions, and in some cases
molecular parameters, have been reported by various researchers in different frequency
ranges. Spectral parameters and molecular constants have been reported for microwave -
frequency transitions of the common isotope molecule in the ground vibrational state'®*

148133 35 well as for rotational transitions in excited vibrational states.'* Broadening
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. . 15 1
148.155 and pressure-induced frequency shifts'>® have also been characterized

parameters
for the common isotope. The absorption spectrum of water vapor was also reported in
the range of 3 to 90 cm™ by Sakai and colleagues in 1978 using an FT spectrometer,”® and
later by Kolbe and Leskovar in 1983 up to 46.7 cm™'“as collected with traditional
microwave instrumentation. Isotopically labeled compounds have also been studied
individually, such as HDO,104’ 150, 151,157 D20,104’ BLIS 1,0 (T = tritium, or 3H),151
H,'70, 150 152158 1 18y 104,150, 152, 157, 158 [y 18y 104 5 Iy 18y 104

Despite its molecular simplicity, theoretical models developed over the years have
failed to accurately predict the absorption spectrum of water vapor in the atmosphere.
The greatest discrepancies in these models have resided in the space between absorption
peaks. These regions, which are expected to contain minimal water-related absorption
often exhibit higher absorption in experimental data than is predicted by theoretical
models. The apparent broadband absorption underlying the most intense transitions is
often referred to as the water vapor absorption “continuum”, due to the absence of
discrete peaks or fine structure in these under-predicted baseline regions. This

phenomenon has been studied in varying frequency ranges by different researchers,'*” **-

19 though the source of this discrepancy does not appear to have been conclusively
determined to date. Some have attributed the anomalous absorption to dimers and

higher-ordered clusters of water vapor molecules as well as weak absorptions from

rotational transitions in excited vibrational states.

Selected THz-TDS Literature
The THz-TDS instrumentation used for this dissertation research has also been
applied to analysis of many different gaseous species. Of course, a vast array of the THz
spectroscopy literature uses non-TDS instrumentation.'” '**'"® Still, attention is given
primarily to literature describing efforts with THz-TDS instrumentation due to the

increased relevance of these accounts to the experimental work described in Chapter IV.
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THz-TDS instrumentation has been used for analysis of a variety of gaseous
species. Lin et al. reported an algorithm designed to characterize THz-frequency spectra
based on a simplified set of parameters related to peak positions and intensities.'”’
Decomposition of spectral data into reduced data sets can be advantageous in that it
reduces processing time and simplifies the calculative procedure. A simple Euclidean
distance determination is used to compare experimental spectra to the aforementioned
simplified spectral data sets.'”” The library spectral set which provides the minimum
Euclidean distance is considered a match, and the species is identified.'”” Uno and
coworkers published an account of the use of THz-TDS to analyze combustion products
in situ, as well as a variety of other spectroscopic and imaging measurements.'”® In this
series of experiments, an electric furnace was used to combust woodchips and
polystyrene beads. Combustion byproducts were passed through a gas cell with an 8 cm
path length, and terahertz pulses were transmitted through this cell. Transmitted pulses
were recorded and used to produce transmittance spectra.'”® Absorption peaks were
identified as those of CO and H,0O, and the experimental and HITRAN database peak
positions of CO were compared graphically, showing the wavelength accuracy of the
instrument.'” The authors also concluded that THz-TDS is well-suited for such
measurements because particulate matter produced during combustion did not appear to
have a significant impact on the transmittance of THz pulses.'’®

Cheville and colleagues published an account of the measurement of terahertz
pulses transmitted through flames.'” This work exemplifies one advantage inherent in
THz measurements in that the frequencies measured do not overlap with the frequencies
of radiation emitted by hot chemical species.'”” This conclusion is similar to one reached
by Takeshi and colleagues, but was observed in more extreme conditions.'”® Were it not
for this unique property of THz radiation, the measurement would be confounded by
detection of incoming radiation that was not generated by the spectrometer source. The

authors also note a change in the arrival time (optical delay) of the measured pulse which
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is modulated by the flame.'” A shorter delay time was observed when the flame was
“on” relative to times when it was “off”. Spectral features were identified by comparison
with calculated spectra, illustrating the presence of water vapor rotational transitions in
both the ground and excited v, vibrational state.!”’

Yang et al. describe a more recent analysis of the aforementioned “continuum
absorbance” observed when THz pulses propagate through water vapor.'® Spectra are
reported as collected in a variety of meteorological conditions such as high humidity, fog,
low temperatures, high dust levels, and rain. Measurements were performed with a 6.18
m long-path cell, providing sensitive measurement of the water vapor spectrum. The
increased absorption between spectral peaks as well as the discrepancy between prior
published results are attributed to attenuation of THz radiation by water molecule dimers
and polymers or clusters as well as self-broadening from the most intense rotational
transitions.'*

Foreign-gas broadening of water vapor spectral features has also been
characterized with THz-TDS measurements. Seta and Hoshina have reported pressure
broadening parameters for various rotational transitions across the water vapor absorption
spectrum as broadened by N, and O, gases.'®""'** Spectra of water vapor were collected
in the presence of varying amounts of N, or O,. Spectral features were then fit with a
Lorentzian function, which provided the width of the absorption features. Once the
widths had been calculated for samples at all pressures, linear regressions were
performed with the pressure values and widths to obtain the respective broadening
parameters (the slope of the best-fit line), in units of frequency per unit of pressure
(MHz/Torr or MHz/kPa)."*!- '™ The importance of these parameters was also discussed
as they relate to the estimation of atmospheric water vapor concentrations by the
Odin/SMR satellite. In previous atmospheric measurements, a broadening parameter of
4.37 MHz/Torr had been used, but it was found that this parameter was actually that of

the same rotational transition of water vapor molecules in an excited vibrational state.'®
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Inclusion of the new parameter (4.012 MHz/Torr) provided a more accurate estimated
water concentration for altitudes between 40 and 85 km.

Sagawa and coworkers reported broadening of water vapor features by CO,.
While CO; is not a majority constituent of Earth’s atmosphere, it comprises
approximately 96.5% of Venus’ atmosphere.'™ Water vapor is a relatively minor
component of Venus’ atmosphere, being found at a concentration of less than 100 parts-
per-million (ppm)."** Though present in low concentrations, it plays a significant role in
the climate and atmospheric chemistry of Venus. As such, a set of accurate broadening
parameters for water vapor as broadened by CO, facilitates accurate estimation of water
vapor in Venus’ atmosphere and contributes to the understanding of its climate. The
experiment was conducted as described in experimentation with nitrogen and oxygen,
and the calculated broadening parameters were compared to theoretically-obtained
values.'"” Ordinarily, the broadening parameters associated with foreign-gas broadening
are estimated for species like CO, by multiplying the parameters associated with well-
characterized species by a scaling factor.'® While this may sometimes produce
reasonable values for approximation, estimated concentrations can vary as much as ~75%
when the broadening parameter is assumed to be equal to that of air.'®

Deuterium oxide vapors have also been studied with THz-TDS systems. Yu and
colleagues reported the THz spectrum of D,O in 2006 covering 0-2 THz, reporting peak
positions and widths of the 26 most apparent transitions.'™ The experimentally-
determined parameters are compared with values from the scientific literature, showing
agreement between the two sets of values to within several GHz. The impact of
temperature on the observed peak widths is also reported.'® At increased temperatures,
broader spectral peak widths are observed as a result of increased collision frequency,
similar to the effect of foreign-gas broadening for samples analyzed at elevated

184
pressures. 8
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Harde and coworkers have reported analyses of THz spectral line shapes and

185, 18
5186 and

broadening on several occasions, through the study of methyl chloride
ammonia vapors.'®” In Harde’s first report of the spectral features of methyl chloride,
much attention was devoted to the unique appearance of the TDS for these samples.
Periodic features were observed in the signal which were attributed to the presence of
methyl chloride vapor.'® The experimental signal was compared to a calculated signal,
showing good agreement between the two data sets. Data were collected at multiple
pressures, and the effect of self-broadening was analyzed for a wide range of rotational
transitions. Spectral absorption features are also shown to be more precisely fit by an
assumed van-Vleck Weisskopf line profile, a line shape commonly observed in
microwave-frequency investigations, rather than the Lorentzian profile, commonly
observed in vibrational spectra.'®

In a subsequent publication, Harde and coworkers advanced their work with
methyl chloride with further studies of this compound as well as newer results from
methyl fluoride and methyl bromide.'® These molecules produced spectral features with
a similar overall appearance, though the spacing of peaks and center of the grouping of
peaks were changed by the different inertial moments for these molecules. Greater
spacing was observed with methyl fluoride, which decreases as the fluorine was
substituted with chlorine and ultimately with bromine. The center of the collection of
spectral features also shifted from a high frequency (methyl fluoride) to a lower
frequency (methyl bromide).'®® Spectral broadening was also characterized for each
species as a function of the rotational quantum number, with the greatest broadening
observed near J values of 10-15 and tailing off at higher and lower quantum numbers.'®
The authors also reported a new theoretical model for absorption features observed in this
spectral range. Experimental spectral features were not so accurately modeled when
using either the Lorentzian or van-Vleck Weisskopf line profiles. The use of a

Lorentzian profile produced a calculated fit of lower magnitude than the experimental
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data at the high frequency end of the absorption spectrum of methyl chloride, whereas the
van Vleck-Weisskopf profile produced a fit of greater magnitude than the experimental
data.'®® Harde and colleagues reported a modified theoretical model which utilizes a
combination of the two line profiles, where the relative contribution of each line shape to
the overall fit was altered via a set of switching functions.'®® This new model produced a
more accurate fit to the experimental data, illustrating an overlap of the two line shape
theories in this spectral region.

The molecular response theory developed by Harde et al. has also been applied to
the analysis of the spectral features of ammonia vapor.'®” The model was found to fit the
observed spectral features to a high level of accuracy with two exceptions. At low
frequencies, the calculated absorption is too large which is attributed to the rotation-
inversion spectrum of ammonia,'®” mentioned previously in the overview of microwave
analysis of the species. Features associated with the inversion of the ammonia molecule
were found to fit well with the molecular response theory.'®” The remainder of the
observed absorption was attributed to the rotational spectrum of the vibrationally-excited
ammonia molecule (in the v, vibrational state), as well as absorption by the ammonia
dimer. Dimerization of gaseous species and the analysis of these clusters will be
described in greater detail in Chapter IV. These extra absorption features confound
measurements of the line-shape parameter.'®’

Measurements of gaseous samples by THz-TDS can also be used in security-
related applications. Foltynowicz and colleagues reported the gas-phase spectrum of 2,4-

dinitrotoluene in 2006.'%

Measurements were performed with a 34 cm gas cell coupled
to a temperature-controlled sample chamber. Mass spectra were collected with vapors
from the sample chamber before and after sample scans to verify the presence of the
analyte. Experimental THz spectra show a dense collection of absorption peaks from at

least 50 GHz to 2.67 THz, providing a set of features that could potentially be used to

identify this compound when present as a vapor.'*®
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Published Quantitative Efforts
Reported efforts to quantify gaseous species on the basis of rotational
spectroscopy are relatively rare. As such, this section provides an overview of analytical
measurements executed with rotational spectroscopy, regardless of instrument

configuration or useable spectral range.

Microwave Instrumentation

Lawrence Hrubesh demonstrated what was at the time rapid (requiring < 7
minutes) and automated identification and quantitation of several gaseous species using a
computer-controlled microwave spectrometer.'™ A calibration plot was provided for
acetone, ethanol, and ethylene oxide, showing linearity across the 1 — 1000 micron
pressure range (~1.3 x 10° = 1.3 x 10 atm)."® The experimental procedure described
by Hrubesh involved sequential analysis of frequencies specific to the compounds
contained in the system’s spectral library. To perform qualitative analysis, the system
would perform a measurement at the frequency of the strongest absorption feature for the
first molecule in the spectral library. After signal averaging, the experimental data is
analyzed to determine whether the measured signal-to-noise ratio (SNR) is greater than or
equal to 3:1 at the frequency of the absorption peak. If the SNR exceeded the 3:1
threshold, a second measurement was then performed at a frequency equal to that of the
second-strongest absorption peak of the species. If the SNR did not exceed the threshold,
the automated system would move to the next compound in the spectral library and repeat
the previous steps. Two frequencies were stored for each compound at which the highest
absorption would be observed. Hrubesh found that species in sample mixtures could
typically be identified in less than 3 minutes, though quantitative analysis required
additional steps wherein the microwave power was sequentially increased at the
frequency of the strongest absorption feature.'™ The power at which maximum

absorption is achieved is then compared to experimentally-determined maxima.'® The
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system was also applied to measurement of toxic gaseous species in oil shale, and a table
was provided showing the qualitative and quantitative results of the analysis.'®’

Quantitative efforts were reported by Andresen et al. in 1994 as performed with a
Fourier-Transform Microwave (FTMW) spectrometer. This apparatus applies a brief
microwave pulse (~0.5 ps) to the sample contained in the resonant cavity (analogous to
gas cells typically used in optical spectroscopy). The sample gas is excited and polarized
by the pulse, resulting in the emission of a coherent microwave signature that is specific
to the molecule in the cavity.'” Emission is recorded as a function of time, and the
magnitude of digitized signal values are summed, producing a scalar value which is
proportional to the concentration of the gas. This method provides a more rapid and
computationally simple alternative to Fourier transformation of the time-domain decay
signal.'” However the authors point out that the Fourier transformation (which provides
a frequency-domain emission spectrum) is preferable in situations where multiple
absorbing (or emitting) species are present in the resonant cavity, as the emission signals
of the two (or more) species will then be convoluted.'”® Detection limits associated with
the method are listed for various species such as ammonia, chlorotrifluoromethane, 2,6-
dimethylpyridine, methanol, toluene, cyclohexanone, m-xylene, and sulfur dioxide, with
values ranging from 0.002 to <60 ppm.'*® Also included is a calibration plot based on
methanol samples, illustrating the linearity of the instrument response to this species.
Andresen and colleagues analyzed the impact of overall pressure on the method and
found that the response of the system to analyte molecules was diminished at pressures
exceeding 7 x 107 Pa."® This drop-off in instrument sensitivity was attributed to
collisional transfer of excitation energy rather than emission of absorbed energy. No
mention is made of analyses with sample mixtures.

Microwave spectroscopy has also been reported as a tool for quality control of
natural gas. Leontakianakos published an article in which water vapor content is

determined in air and in liquefied natural gas.'”' The sensitivity to water vapor was



44

increased by the inclusion of a Stark field modulation system, a component often used in
microwave-frequency experiments. This system consists of an electrode that is placed
within the resonator cavity which is insulated from the cavity. Gordy and Cook
explained the effect as a modulation of microwave energy near the resonant frequency of
an absorption line.”® If measurement is performed with a narrowband detector tuned to
the frequency of the applied field, greater sensitivity is achieved.”> When an even
harmonic of the Stark field is applied across the wire grid in the resonator cavity, the
absorption of gaseous species can be enhanced, as demonstrated by Hughes and Wilson
in 1947,"* and by Hershberger in 1948."”> As such, the length of the resonant cavity or
waveguide may be reduced to provide a more compact system without compromising
sensitivity. The decreased size of the resonant cavity also reduces the pumping time
required to achieve the low pressures required for spectral analysis. Leontakianakos
reports the use of the fourth harmonic in the detection of water vapor over a 300 to 9400

. 191
ppm concentration range.'’

Two quantitative methods were evaluated: one in which the
absorption peak associated with water vapor was measured from the peak value to an
assumed baseline (a), and one in which the height of the peak was measured from the
peak value to the depth of adjacent absorption minima (b). Both calibration methods
appear to produce linear calibration plots at low concentrations, but method (a) produced
a non-linear response at high water concentrations.'””' Quantitative analysis of water
vapor was demonstrated with a water vapor sensitivity of approximately 300 ppm.'”"
Again, no mention is made of analyses performed with mixtures which include potential
interferents, or the selectivity of the proposed method.

Rouleau and colleagues reported the use of a differential cavity microwave
spectrometer for the determination of water vapor concentrations in 1999."** This
apparatus is somewhat analogous to a dual-beam spectrophotometer in that the reference

and sample are analyzed concurrently. Electromagnetic radiation generated by a

microwave-frequency synthesizer is split equally between two beam paths and propagates
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towards the reference and sample cavities. Radiation reflected back toward the
synthesizer from the sample cavity is attenuated, but radiation propagating toward the
detection system passes through a junction which imparts a 180° phase delay. When the
reference and sample beams are recombined, the measured signal represents the
difference between the beams reflected from the reference and sample cavities. Rouleau
and colleagues provide a complete explanation of how this measured signal voltage is
proportional to the difference in the dielectric constants of each beam path.'* This
method is reported to provide an improvement in sensitivity on the order 10°."”* Water
vapor was added to argon and helium gas, and the change in measured voltage was
determined as a function of water vapor concentration for each mixture, and the detection
limit of the method was estimated at 6 ppm."*

Zhu and colleagues reported quantitative analysis of ethylene oxide in various
matrices, such as nitrogen, wet air, and wet nitrogen.'” The apparatus provided similar
response across the three matrices when performing analysis with samples containing low
levels of ethylene oxide, but the calibration plots became divergent and in some cases
nonlinear at higher concentrations. Measurements were also carried out in a manner
which simulated a sterilization procedure. In these experiments, nitrogen and water
vapor were added to the chamber, followed by induction of ethylene oxide.'”> The gas
was allowed to set for some time, representing the time of sterilization. This was
followed by 5 air purging cycles to clear ethylene oxide from the system. The mean
concentration of ethylene oxide across the resultant concentration-time profiles were near
50 %, and standard deviations close to 3.6 % were reported based upon the deviation of
predicted concentrations from the reference concentrations.'” These results suggest the
applicability microwave spectroscopy to real-time monitoring of sterilization processes.

Rezgui and colleagues reported the use of a diode-based microwave spectrometer
designed to generate and measure frequencies above those typically accessible with older

microwave spectrometers. The apparatus was used to analyze various gases at ppm
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concentrations such as HDO (9 ppm), OCS (2.7 ppm), HCH'®O (2000 ppm), HCH'’O
(373 ppm), and CH,CHCN (360 ppm).'*® The SNR of these spectra were low, and many
spectra were reported as smoothed via Gaussian correlation. Absorption features were
identified for each species despite the low concentrations and relatively high noise
levels.'”

The Rezgui apparatus was modified slightly and used again for measurements
reported by Wilks et al.'”” In this work, a calibration plot was provided for sulfur dioxide
at various volume fractions in N, based on the maximum absorbance values of rotational
transitions.'”” Experimental absorption values were also compared with calculated values
as well as those found in the literature.

Another paper published nearly concurrently with the previous report described
microwave spectroscopic quantitation of oxygen. Ordinarily, gaseous species must
possess a permanent dipole to exhibit microwave or THz-frequency absorbance. Oxygen
lacks a permanent dipole, though it does absorb some microwave frequencies as a result
of spin reversal of its unpaired electrons.'”® Absorption coefficients for these transitions
were compared to literature values and used to construct a calibration plot for various
mixtures of oxygen and nitrogen, ranging from 0 to 100 % oxygen by volume, showing
the linearity of the series of measurements.'”® Measurements were performed with peak
values from transitions at 58.324 and 60 GHz, illustrating the ability of the apparatus to
determine the concentration of oxygen.'*®

Dumesh and colleagues described the quantitation of methanol using a microwave
-frequency device known as an “orotron” oscillator as a tunable source.'” This source
contains elements similar to those of the more common backward-wave oscillator, but
offers the advantage of providing highly frequency-stable output, as well as greater
sensitivity than other microwave sources.'”’ These characteristics are of primary

importance when conducting high-resolution microwave spectroscopy with gaseous

species. This apparatus was used to quantify methanol from the headspace of
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methanol/water solutions. Samples were prepared by mixing methanol and water and
cooling the solution to the temperature of liquid nitrogen. Once this temperature was
reached, the absorption cell and transfer lines were evacuated with a vacuum pump to a
pressure of 0.1 mTorr. The solution was then allowed to warm to room temperature and
small quantities of the vapor from this compartment were released into the absorption cell
for analysis. Response of the instrument to methanol vapors was shown to be linear
across 4 orders of magnitude of solution volume concentration.'” Though not displayed
graphically in this work, Dumesh et al. performed analytical measurements of carbon
monoxide gas, obtaining a peak absorption coefficient of approximately 3x10™* and

detection limit ca. 1 ppm.'”’

CW-THz

Bigourd and coworkers published an account of their work with a CW THz
system in which they quantified hydrogen cyanide (HCN) and carbon monoxide (CO) in
cigarette smoke.'>'-?%" These species were quantified by determining the area of the
absorption peak produced by the associated rotational transition, generating a predicted
concentration of 210.3 ppm for HCN and 1.7 + 0.3% for CO.">'?% Formaldehyde and
water vapor were also identified in the smoke stream based on their distinct spectral

15, 17, 200
features.

THz-TDS

Liu and coworkers published an account describing their work with ammonia
vapors in 2004, using an EO sampling configuration. The emitter and detector elements
were contained in an airtight chamber with four off-axis parabolic mirrors, which were
used to direct and focus the THz beam.””! Pump and probe laser beams were directed
into the sampling chamber to generate and detect the THz pulses. Samples were prepared
by evacuating the chamber with a vacuum pump, bringing the pressure in the chamber

down to less than 20 mTorr. Ammonia gas was inserted in the chamber and the pressure
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reading on a manometer was recorded, which served as a reference concentration for the
following quantitative analysis. In some cases, humid air or nitrogen was added to the
ammonia vapor to adjust the overall pressure of the sample. This process was repeated
with varying pressures of ammonia to construct a calibration plot. Quantitative analysis
was performed using the peak absorption from a rotational transition at 0.572 THz (19.08
cm’") both for pure ammonia and ammonia in a mixture with 100 Torr of humid air.”"!
Relative error in the predicted pressures ranged from 5 to 30%.°°" Analysis of ammonia
in humid air provided a simple mixture, as water vapor in the air exhibited overlapping
spectral features near atmospheric pressure; however this overlap was reduced by
performing analysis at relatively low overall pressure.””' Analysis at decreased pressures
should provide improved selectivity as a result of decreased spectral overlap, but this may
not be practical in real-life atmospheric measurements as these pressures would only be
observed at higher altitudes.

The impact of band broadening was also examined by adding varying amounts of
air to 20 Torr of ammonia. At low pressures, the spectral peak widths were relatively
narrow, but at higher pressures the ammonia absorption peak at 0.572 THz started to
overlap with a nearby water vapor absorption peak at ~0.557 THz (18.58 cm™).?*! This
spectral broadening can increase error in quantitative measurements if appropriate
measures are not taken to characterize the species individually, or if sufficiently low
pressures are not employed in sample preparation. For comparison, quantitative analysis
was also performed with various pressures of ammonia at 590 Torr overall pressure, this
time provided by dry N, rather than air. The absorption of ammonia appears to increase
linearly in this case, though the absorption peak at 0.572 THz (19.08 cm™) appears very
broad in the published spectra.*”’

Another set of quantitative analyses was performed using a method known as
differential optical absorption spectroscopy, or DOAS. This method has been used

202-205

widely for atmospheric measurements of gaseous species, and can be used when an
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adequate reference spectrum is not available. In this method, a single beam spectrum of
the sample was acquired, and the reference spectrum was calculated by interpolating
between assumed baseline regions. Absorbance values measured at known absorption
peaks are referenced to this line, ideally providing suitable data for quantitative

21 The authors report similar prediction errors when using DOAS when

analysis.
compared to the previous quantitative efforts.

Jacobsen, Mittleman and Nuss have published accounts describing quantitative
measurements utilizing THz-TDS.?**?*7 In these articles, the authors describe the use of
an algorithm known as linear predictive coding (LPC).>”® This algorithm is somewhat
reminiscent of the algorithm implemented by Andresen et al. in that it is used to condense
spectral information with the ultimate purpose of simplifying and enhancing quantitative
analysis. Time-variant digital signals may be extrapolated using LPC, utilizing a

weighted sum of the past M data points, as shown in Equation I-8:

M

s(n) = Z ars(n —k) +e(n)

k=1

Equation I-8

where s is the signal, s(n) is the extrapolated portion of the signal, M is the set of
previous values, e(n) is the residual, and ay, is the set of parameters used for linear
prediction, which describes the spectral content of the waveform.””® Jacobsen et al.

report inclusion of a transform in the coding algorithm, as shown in Equations I-9 and I-

10:
M Equation 1-9
S(2) = Z a,z7%S(2) + E(2)
k=1
where
z = exp (i2nfA) Equation I-10

S is the signal, E is the error, i is the imaginary unit, ay, is the set of parameters used for

linear prediction, and A1 is the signal sampling frequency.”*® The variable f is not
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defined in the text, but appears to represent frequency, given the context. The authors
cite two advantages of this algorithm: (1) the algorithm can accurately represent data sets
in which the spectrum is comprised of sharp features and (2) the same number of
coefficients (M) can be used to represent the spectral data no matter how many
resonances, or spectral peaks are present in the frequency-domain spectrum.”*® The
effect of LPC with TDSs on the subsequent frequency-domain spectrum was illustrated
with water vapor spectral features’”® and HCI spectral features.** %" Optimal
coefficients can be obtained by least-squares, more specifically through minimization of

the sum squared residual shown in Equation I-11:
E = Z e(n)? Equation I-11

where E represents the sum of squared residuals. Parameters used for LPC can be treated
as a vector in M-dimensional space. A library is assembled by measurement and training
with the species of interest, encoding a maximum of M-1 species’ spectral features.
Species recognition may be performed by calculating the Euclidean distance between the
vector of an unknown species and those stored in the library. The vector which provides
the minimum Euclidean distance is considered to be the best match.**

Mixtures may also be analyzed via LPC. The vector calculated from an unknown
mixture is comprised of the sum of the vectors of the component gases, with the length of
each component vector representing the respective fractions of each species.””® An
orthogonal basis is assembled and used to calculate the length of each component vector,
which represents the fraction of each component. The authors applied this method to
quantitative analysis of a binary mixture of water and ammonia vapors, but found that
LPC provides similar performance to Fourier analysis.””® Samples consisted of mixtures
of the two components with pressures of ammonia ranging from about 0.3 to 12.9 kPa

206

and pressures of water vapor ranging from 0 to 2.25 kPa.”” The models appear to

provide a high degree of correlation between the reference and predicted pressures.
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Jacobsen et al. also reported the use of wavelet denoising to improve the SNR of
experimental data.”**?°" This pre-processing procedure can provide benefits in various
applications. Wavelet denoising could be used to reduce the level of noise in signals
collected with low levels of averaging, thus simulating the quality of spectral data that
may otherwise only be obtained through lengthy periods of signal-averaging. This would
permit the acquisition of TDSs of greater data point length (to provide frequency-domain
spectra with narrow data point spacing) with lower signal averaging, thus shortening
acquisition times. Wavelet pre-processing may also be particularly useful when
employing LPC in that the original TDS waveform is minimally scarified but would
contain lower levels of instrumental variance following wavelet processing, which would

ideally reduce the variability in LPC-predicted concentrations.

Selected Solid Phase Spectroscopic and Imaging

Applications

Interest in the THz frequency investigation of solid samples has expanded greatly
in recent years as instrumentation has become available commercially. The broadband
response of the instrument has prompted various studies that exploit interesting
phenomena related to the physical and chemical properties of different sample types. As
was previously mentioned, THz-TDS instrumentation is often combined with translation
stage modules, further broadening the potential for scientific inquiry. The relatively low
maintenance requirements and room-temperature operation of the instrumentation adds to
the popularity of the method.

A description of all THz-TDS measurements of solid samples is beyond the scope
of this introduction. Instead, a brief overview is provided for several popular solid
sample applications based on the recent peer-reviewed literature. Emphasis is given to
reports that describe analytical applications, though qualitative results are also included to

illustrate the breadth of the method’s capabilities and opportunities for future quantitative
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investigations. THz-TDS has been widely applied to solid-phase samples. The advent
of THz-frequency imaging using a time-domain system has revolutionized quality control
in several industries, as well as security-related activities. Imaging systems that utilize
THz radiation have been developed in both continuous wave (CW) and pulsed (time-
domain) operational modes. Each system has advantages and disadvantages, mainly in
the size of the system, the amount of information provided by the measurements, and the

processing time for collected data.*”’

Explosives and Security

THz spectroscopic characterization of explosive materials has been a major theme
of research to provide the analytical basis for imaging and noninvasive detection of
explosives for security purposes. An overview of established methods used for spectral
identification of explosives has been published.*'® Various explosives have been
examined, such as 2,4,6- trinitro-1,3,5-trihydroxybenzene (TNPG),2 1,3,5,7-tetranitro-
1,3,5,7-tretraazacyclooctane (HMX),?!! 1,3,5-trinitro-s-triazine (RDX),** 2.4.6-
trinitrotoluene (TNT),? decomposition products of TNT 2,4-dinitrotoluene (2,4-
DNT)’and 2,6-dinitrotoluene (2,6-DNT),?'? pentaerythritol tetranitrate (PETN),*"?
hexanitrohexaazaisowurtzitane (HNIW),3 Semtex H,4 SX2,4 Metabel,4 PBX 9501 and
PBX 9502,%'* and some common components of typical “homemade” explosives.*"’
Spectra of several of these substances are shown below in Figures I-14 through I-17 to
illustrate the appearance of spectral features associated with crystalline phonon vibrations
of these materials.

THz pulse imaging has been demonstrated as an effective security tool through
detection of concealed contraband.*'® Controlled substances concealed in a container
such as a polyethylene (PE) bag can be identified by using a transmission-based
measurement through the bag since PE is largely transparent at THz wavelengths.?'® The

spectral features of the substance within are superimposed with the broad, low-level
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absorption of the bag, making chemical identification fairly straightforward. Yamamoto

et al. demonstrated the feasibility of noninvasive THz-TDS spectroscopic detection of

: c 21,22
explosives concealed within envelopes.”
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Figure I-13. Schematic diagram of the apparatus configuration for THz-TDS
measurements in a reflectance geometry. In cases where a large sample is
imaged, the emitter and detector may be mounted on a mobile gantry and
coupled via fiber optic cables to a femtosecond laser.*'’

Imaging has also been performed with samples of uncontrolled substances, such
as lactose and sucrose, compared with a sample of explosive material (RDX sheet).”'® In
this work, powdered RDX was mixed in a PE powder matrix and compressed into a
pellet. The PE powder acts as a binder,”'® providing structural integrity when sample
powders are not sufficiently cohesive. The PE powder is a popular substrate for such
investigations due to its low cost and high THz-frequency transparency, though
alternative materials such as polytetrafluoroethylene (PTFE) powder may also be used.
Initially, the RDX/PE pellet was analyzed spectroscopically with both THz-TDS and FT-

IR spectroscopy to identify useful spectral features and compare them to previously
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published results. Several pellets were prepared using lactose and sucrose powders,

which were analyzed with the THz pulsed imaging system, along with a small piece of

RDX sheet. While the raw TDS provided information describing the distribution of

chemical components (as was determined by the magnitude of the main peak), the

identification of species was performed through the calculation of absorption spectrum

for each pixel in the THz image analyzer. By comparing the spectra of the materials to

the image spectra, species in each sample were correctly identified, with clear distinction

between RDX and the two sugars. Studies such as this ascertain the possibility for using

THz spectroscopy to discern common materials from dangerous substances that might be

encountered at a security check point, thereby establishing the utility of this approach.
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Figure I-14. THz refractive index and absorption spectrum of solid TNPG diluted in a PE
pellet. Taken from® with permission.
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Figure I-17. THz absorption spectrum of solid PETN diluted within a PE pellet. Taken
from* with permission.

The utility of THz imaging has been demonstrated for detection of concealed
threats. Items contained either within luggage or underneath common clothing can be
revealed by THz imaging. THz-TDS images taken through a briefcase and a leather shoe
have been published,’ and images of weapons and other contraband hidden within
luggage and clothing has also been reported.’ Such measurements are not exclusively
limited to the detection of concealed metallic objects. Data produced by THz-TDS
instrumentation is by nature sensitive to refractive index because of its time-resolved
measurements. Objects fabricated with a high refractive index material will induce
greater delay in transmitted radiation or reflect a greater amount of radiation in a

reflection measurement. As such, concealed items made of glass or ceramics can also be
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detected and imaged using this approach. Even items like plastic toy guns have been

219 Threats can be identified on the basis

shown to be detectable with THz-TDS imaging.
of spectral features as well as the shape of the imaged object. Instrumentation of this sort
is attractive for security-based screening because of its sensitivity to materials such as
these. Items like ceramic weapons that are undetectable to metal detection systems
would be immediately visible with security systems armed with THz imaging

instrumentation. Figures I-18 through I-21 illustrate THz-frequency images for the

detection of concealed threats.

Spectroscopic Analysis of Pharmaceutical Solids

The promise of using THz-TDS spectroscopy for characterization of materials
within the pharmaceutical industry has been demonstrated. The efficacy of
pharmaceutical products can be impacted by the extent of hydration of the active
ingredient.® Besides changes in mass upon adsorption of water, the degree of hydration
of components within a tablet can also be assessed from changes in the THz spectrum.
The sensitivity of THz-TDS spectroscopy to crystal lattice vibrations and intermolecular
interactions make such measurements appealing for monitoring hydration within
pharmaceutical preparations. Research has been published in which THz-TDS is used for
the analysis of several pharmaceutical compounds and their hydrates.® The THz-TDS
measurement was deemed useful not only for analyzing the substances during
dehydration, but also for detection of water that had evaporated from the solid and the
subsequent phase change in the crystalline structure of the drug at different temperatures.
Figure 1-22 shows the absorption spectra of carbamazepine (CBZ), lactose, theophylline
(TP), and piroxicam (PXM) hydrates. Figure I-23 shows the change in the THz
absorption spectrum of TP during heating, illustrating the effect of dehydration on
spectral features, as well as the spectrum of water vapor leaving the substance.

Analytical information ascertained from THz-TDS spectroscopy was compared to
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Figure I-18. Visible (top) and THz-frequency (bottom) images of a leather briefcase. A
knife, magazine, and pens are visible in the 0 2 THz monochromatic image
collected through the briefcase. Taken from® with permission (©2007 IEEE).
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Figure I-19. Visible (top) and THz-frequency (bottom) images of a man’s shoe. The
interior structure of the shoe is visible in the 0.2 THz monochromatic image,
highlighting stitching and the cushioned heel. Taken from’ with permission
(©2007 IEEE).
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Figure 1-20. THz-frequency images of an attaché case (top) and suitcase (bottom)
containing various concealed threats. Taken from' with permission (Time
domain terahertz imaging of threats in luggage and personnel, Zimdars, D.,
White, J., Stuk, G., Fichter, G., and Williamson, S. L., Int. J. High Speed
Electron. Syst., ©2007 World Scientific Publishing Company, and Picometrix
LLC).
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Figure 1-21. THz-frequency images of a knife (top) and handgun (bottom) concealed
within the pocket of a jacket. Taken from' with permission (Time domain
terahertz imaging of threats in luggage and personnel, Zimdars, D., White, J.,
Stuk, G., Fichter, G., and Williamson, S. L., Int. J. High Speed Electron. Syst.,
©2007 World Scientific Publishing Company, ©2007 World Scientific
Publishing Company, and Picometrix LLC).
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conventional methods of analysis in the pharmaceutical industry.”* In comparison to
variable-temperature x-ray powder diffractometry, NIR spectroscopy, Raman scattering
spectroscopy, and thermogravimetric analysis, the THz-TDS method was deemed
superior for the characterization of piroxicam. For these THz measurements, the
piroxicam (anhydrous and hydrate forms) were mixed with PTFE and compressed into
pellets for spectral analysis.”?’ Several pellets were prepared in which the distribution of
constituents was varied; one pellet was prepared in which the components were mixed,
another was prepared with a high concentration of piroxicam at the surface, and another
with piroxicam concentrated in the center (by depth) of the pellet. These pellets were
analyzed to investigate the impact of sample heterogeneity on the appearance and quality
of spectral features. Data collected with these pellets also provided some indication of
the sampling depth of each method, as spectra collected with low penetration into the
sample material would contain diminished (if any) absorption features when analyzing
the analyte-centered pellet.

In the experiment described above, the THz-TDS spectral results were used to
characterize the hydration state of the compound, and subsequently monitor the effect of
dehydration on the THz signatures of PXM by acquiring spectra at temperatures ranging
from 303 to 423 K.*** Raman and NIR spectra were also collected with these samples at
various temperatures (303-456 K) for comparison. The reported findings indicate that
Raman and NIR spectroscopic measurements were limited by low sampling volumes
inherent in the respective measurements and these conventional methods were hindered
by interaction of the radiation with the polymer material used to dilute the drug
sample.””® X-ray powder diffraction measurements are commonly used to establish the
structure of crystalline pharmaceuticals, but THz-TDS measurements have the advantage
of being safer, faster, and non-destructive. Information obtained from the THz spectra
could be used to follow dehydration as effectively as thermogravimetric analysis, while

also providing structural information about the solid-state properties of the sample, which
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cannot be obtained from thermogravimetric measurements.

THz-TDS has also been applied to identify different polymorphs of
pharmaceutical crystalline materials. Polymorphism refers to the property of a compound
to form different molecular crystalline conformations. The lowest energy crystalline
conformation for a given pharmaceutical agent should provide the longest and most

effective lifetime.??!

In addition, different polymorphs for a given material can have
different dissolution properties, thereby affecting the rate of dosage delivery upon
ingestion. Both active ingredients and excipients must be considered in such
experiments. Polymorphs contain different geometric arrangements of the molecular
constituents of the compound, thereby altering the vibrational properties of the crystal
lattice. Such differences in the vibrational properties of the crystal lattice appear as
different spectral features within the THz-TDS spectral data. Simple and fast THz
spectra can be used to monitor changes in the crystalline structure of pharmaceutical
compounds and to establish a fingerprint spectrum for polymorph structures. Such
results have been demonstrated with pharmaceutical materials such as enalapril
maleate,222 fenoprofen calcium dehydrate,222 indomethacin,222 carbamazepine,222 and
theophylline.””® As dissolution properties associated with various polymorphs are
characterized, the method can be used to non-destructively assess the efficacy of
pharmaceutical products by analysis of these fingerprint spectra.

THz-TDS has also been proposed to characterize carbohydrates and
polysaccharides. For example, the structural conformation of B-glucan (an anticancer
agent) was analyzed by comparing the THz spectra of the two major structural
conformations, a single-stranded helix and a triple-stranded helix. Each conformation
was found to display different optical properties of refractive index and dielectric

224 THz-TDS has also been demonstrated

constant over the investigated THz frequencies.
to provide selective identification and quantitation of multiple carbohydrate components

in pharmaceutical products. For example, lactose monohydrate, starch, microcrystalline
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cellulose, and theophylline were identified and quantified in tablets with the assistance of

chemometric tools.??’

Imaging Analysis of Pharmaceutical Solids

The sensitivity of the THz-TDS measurement to refractive index has been
exploited within the pharmaceutical industry to image the physical structure of individual
tablets. For these measurements, a narrow band of THz radiation is incident upon the
surface of the tablet. A portion of this incident radiation is reflected at the air/tablet
interface and detected. Some of the incident radiation passes through the outer coating
layer of the tablet and interacts with a second interface that exists between the tablet
coating and the core material within the tablet. A fraction of the radiation that hits this
interface is reflected and detected. Figure 1-24 illustrates the type of THz-TDS obtained
for this type of measurement. Inspection of the time-domain signal reveals the initial
radiation pulse peak corresponding to the reflection at the first air/coating interface as
well as a second, much smaller, pulse that corresponds to the reflection at the second
coating/core interface. The time delay between these two pulses is related to the
thickness of the coating and the refractive index of the coating material. Thus, for a
given coating material (constant refractive index), a thicker tablet coating will result in a
larger time delay between the initial pulse and the portion reflected from the sub-surface
interface.

Ho et al. have published several articles describing the application of THz
imaging based on time-domain measurements.” Using a commercially available THz-
TDS scanning reflectance instrument,’ data were collected across the surface of the
tablet, after which the data were assembled to produce a 3-dimensional image that
represents the coating thickness across the tablet surface.” Tt is desirable to know the
thickness of the tablet coating, as this is directly related to the time required for

dissolution when the tablet is ingested.””® Characterization of the coating thickness and
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Figure [-24. Illustration of a time-domain signal collected as reflected from the surface
of a pharmaceutical tablet. The largest feature centered at a depth of 0
microns is the portion of the THz pulse reflected from the outermost surface
of the tablet. A significant dip can be seen near 160 microns which is the
portion of the THz pulse reflected from the interior surface of the coating, at
the boundary between the coating and the filler/excipient core. Taken from’
with permission.

its uniformity can provide valuable diagnostics for enhanced quality control.

An interesting comparison between THz-TDS and FT-NIR tablet imaging has

d.**” The NIR reflectance imaging data were collected with a focal plane

been publishe
array instrument designed to produce spatially resolved NIR spectra across the tablet
surface. The THz-TDS image was shown to be more practical, because the coating

27 The NIR images provided

thickness could be determined more directly and rapidly.
some idea of coating thickness, as absorption features related to tablet core constituents

became more prominent as coating thickness decreased. Overall, THz-TDS imaging
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provides a powerful method for coating characterization compared to traditional methods
of tablet analysis. The THz-TDS method is non-destructive and fast, whereas the more
traditional methods require dissolution or dissection of the tablet, or provide indirect
measurements of coating thickness.??®

A review published in 2007 describes additional applications of THz-TDS

. . . 22
measurements in the pharmaceutical industry,”*’

with a focus on tablet layer uniformity
and composition. Because THz radiation can penetrate deep into tablets, structures
concealed by outer layers can be distinguished.”” Another feature of using THz-TDS
measurements to characterize tablets is the ability to analyze pharmaceutical products
through packaging material for quality assurance. This last feature takes advantage of the
high transparency of many polymers to THz radiation.””> A more recent review further
embellishes on developments in the characterization of crystalline polymorphs,
quantitative efforts, hydration, and sample preparation.*® Applications of THz imaging to
tablet coating integrity, tablet hardness, component distribution are also reviewed.*®

Additional sources of related information are available.?*°

Dental Tissues

Research findings demonstrate the utility of THz spectroscopy and imaging in
identifying abnormalities in biological tissues in general, and dental tissue in particular.
Initial publications describe the proof-of-concept for dental THz measurements.”' This
initial feasibility work illustrates the potential utility of both transmission and reflection
measurement geometries in identifying carious regions of the tooth structure. Reported
results indicate that carious enamel produced ~35% higher absorptivities relative to non-
carious enamel measured by transmission spectroscopy over the THz frequencies. In
comparison, there is only a 2% difference in absorptivities between carious and normal
enamel observed with clinical dental radiographs.”' This preliminary work was

expanded to a 3-dimensional reflection-based imaging for determination of enamel
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thickness.>*

In addition, THz-TDS imaging is able to detect the dentine-enamel interface
on the interior of the tooth, with a success rate of 91%.** Through the detection of this
interface, the thickness of the enamel could be determined to within 10 um of the
expected value.”?

Other dental applications involve direct comparison of THz pulse imaging (TPT)
to transmission microradiography (TMR).*** Results from this study reveal a good
correlation (r* = 0.995) between TMR and TPI data, though the TPI measurements
systematically indicated lesion depths shallower than those indicated by TMR.*”

THz examination of dental tissue physiology has also been investigated. THz
analysis of tooth structure was accomplished by transmitting a broadband pulse of THz
radiation through an aperture of 0.3 mm to provide spatial resolution at specified
locations on the tooth surface.”* The tooth was placed against this aperture to produce

. . 234
region-specific spectra.”

It was found through experimentation that different structures
on the interior of the tooth produced different spectral characteristics in the 0 — 83.4 cm™
range (0 — 2.5 THz).>** Furthermore, it was found that the orientation of these internal
tooth structures relative to the direction of the propagating THz radiation had an effect on
the collected spectral features.

The peer-reviewed literature demonstrates the utility of THz spectroscopy and
imaging for dental research and possibly clinical practice. Still, much research and

development is needed to realize the potential of THz-TDS for practical in vivo dental

applications.

Biological Tissues
Various applications of THz spectroscopy and imaging analyses have been
examined. Examples presented below include distinction of different layers of skin,

distinction of different types of tissues, and the distinction of cancerous versus
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noncancerous tissue. In all cases, the use of THz-TDS methods for such analyses is in its
infancy and these early measurements provide a proof of concept.

A major factor associated with THz measurements in biological samples is the
strong absorption of THz radiation by water in its liquid state. Water drastically limits
the penetration depth of THz radiation into the matrix of most biological samples. The
THz spectrum of water is a broad, featureless strong absorption band that spans the entire
range of THz frequencies.””> The limited penetration depths of biological samples
greatly favor reflectance measurements over transmission measurements. Even in a
reflectance geometry, however, THz measurements are generally limited to only one
millimeter into the biological matrix.

THz spectroscopic measurements of skin are reported in both transmission and
reflectance modes®® with measurements on skin originating from humans,”’ pigs,”* and
rats.® For experiments with human skin, in vivo skin measurements are sensitivity to
variations in skin hydration, sun exposure, irritation, and density of hair, all of which
have been shown to alter THz spectra collected from the same subject.”>’ The best
reproducibility for within subject spectra was achieved by collecting in vivo spectra from
the volar forearm, as this area receives little exposure to sunlight and is covered with less
hair than most other regions of the body.”*’ Spectral differences are also significant
between skin measurements from different human subjects, depending on the thickness
and composition of the epidermis and dermis layers.”’

THz imaging is compared directly to infrared imaging for biological samples.***
For this comparison, pulsed THz images are collected and compared to images collected
using a coherent optical time-gated technique similar to that described in.>** The same
ultrafast laser system was used for THz generation and acquisition of the near-IR image.
Overall, the THz images were deemed superior on the basis of lower influence of
scattering by the tissue matrix.”® In addition, a 2 x 2 mm?* Z-shaped metal structure (0.3

mm thick) embedded in the pork fat tissue was also discernible with the TPI system,”®
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indicating the possibility of using THz imaging techniques to locate and monitor
superficial prostheses.

Research has shown that THz imaging can also distinguish between structures and
layers within biological specimen. Work published by Hoshina and co-workers
illustrates the ability to discern adipose tissue from muscle tissue with TPI
measurements.”*” The difference in refractive index and absorptivity makes the two
tissue types readily distinguishable without the use of complicated signal processing

241
software.?*

Measurements performed with freshly harvested rat tissues and organs also
produced similar results. Major features of the TDS, such as amplitude and width of the
main peak could be used to discern the different organs and tissue types, with the
exception of heart and pancreas tissues.® Frequency-domain values for absorptivity and
refractive index were deemed to be statistically different for the various tissue types,
suggesting the possibility of using THz spectra for qualitative identification of unknown
tissue samples.® Figure I-25 illustrates THz reflectance data reported for a sample of
heart tissue and Figure [-26 shows THz-TDS results reported for different types of
biological tissues. Table 1 lists the TDS main peak amplitude and full-width at half-
maximum (FWHM) and corresponding standard deviations for signals shown in Figure I-
26.°

The ability of THz imaging to distinguish cancerous from noncancerous tissue has

. . . . . 241
been demonstrated in both in vivo and ex vivo experiments.

Efforts to diagnose basal
cell carcinoma (BCC) are particularly noteworthy, where BCC is a type of skin cancer
that affects approximately 1 million people in America annually.”** Currently, a method
known as Mohs’ Micrographic Surgery (MMYS) is used to locate the tumor and determine
the extent of its growth.>*> This method involves the analysis of excised samples during
the removal procedure. As such, this method can be costly, time consuming, and
uncomfortable. THz imagine promises to be a rapid (< 5 minutes for a 25 x 25 mm”

scan’*"), non-invasive alternative to MMS, with a few limitations. The THz approach
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Figure [-25. Measurement geometry used for the THz analysis of rat tissues (top left). A
visible image of the rat heart tissue sample is shown at top center, and the
THz-frequency image of the same sample is illustrated at top right. Intensity
in this image is determined by the measured value of the TDS peak
(maximum) after reflection off the tissue. TDS data are shown as collected
with air (bottom left), heart and fat tissues (bottom center). The plot at bottom
right illustrates the procedure used to characterize the different TDS data.
Values obtained from analysis of the TDS are available in Table 1. Taken
from® with permission (© 2009 IOPP).

is insensitive to tumors growing beneath the skin owing to water absorption and the

241, 243, 244

corresponding 1 mm penetration depth of THz radiation into skin. In addition,

necrotic cells can confound demarcation of the cancerous tissues.**

TPI has also been proven effective for the identification of breast tumors.**°
Excised tissue samples were sliced to expose suspected tumorous regions and were
placed on a quartz imaging plate. Slight pressure was applied across the tissue samples to

promote intimate contact between the imaging plate and tissues, thereby enhancing the
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interrogation of tissues by THz pulses. Images were acquired by transmission of THz
pulses through the quartz window and subsequent reflection from the tissue/quartz
interface. Other methods such as confocal microscopy, optical coherence tomography,
and high-frequency ultrasound are sometimes used for similar measurements of tumorous
tissues, though these methods are often limited in application by shallow penetration
depths or the degradation of spatial resolution deep in the tissue. At the very least, TPI
instrumentation is a rapid, non-destructive supplement to other methods used to identify

suspected cancer tissues.
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Figure I-26. Time-domain signals recorded for different biological tissues. Taken from®
with permission (© 2009 IOPP).
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Table I-1. Characteristics of time-domain signals recorded for different tissues.

Tissue Amplitude (A.U.) FWHM (ps)

Kidney (Emin) -0.0584 + 0.0021 0.7508 + 0.0382
Leg (Emin) -0.0520 + 0.0055 0.7185 £+ 0.0408
Liver (Eqin) -0.0413 + 0.0048 0.6431 + 0.0597
Pancreas (Emin) -0.0372 + 0.0037 0.5455 + 0.0697
Heart (Emin) -0.0372 + 0.0049 0.5879 + 0.0724
Abdominal fat (Emay) 0.0329 + 0.0080 0.8274 + 0.3781

Adapted from Huang, S. Y.; Wang, Y. X. J.; Yeung, D. K. W.; Ahuja, A. T.; and Zhang,
Y.-T.; Pickwell-Macpherson, E. Phys. Med. Biol. 2009, 54, 149-160. with
permission.

Polymers

THz-TDS has also been used for a variety of applications related to polymeric
compounds. Research has been conducted indicating the utility of THz spectroscopy for
quality control of polymeric substances. An example is the detection of photo-oxidative
damage to polymer materials, where the THz absorptivity of ultra-high molecular weight
polyethylene was found to increase as the polymer was exposed to gamma-radiation.**’
This information was used to confirm that vitamin E decreases the extent of polymer
damage caused by the gamma-radiation.

THz imaging has been demonstrated useful in imaging polymer-based
compounds, such as low-density polyethylene (LDPE) with Ag-TiO, filler material, a
glass fiber laminate material, and the cover from an automotive airbag.**® The sensitivity
of the instrument to difference in refractive index is clearly demonstrated, allowing for
the identification of thickness variations in these samples, which can indicate areas of
potential weakness within the structure. Unfortunately, the experiment with the additive-
doped LDPE was somewhat inconclusive, since the sample thickness was small, and the

248

additive content was low.”™ These experiments illustrate how refractive index and
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absorption spectra can be confounded with artifacts associated with scattering and
multiple reflections as the THz radiation propagates through the material of interest. In

this published report,***

the degree of absorption and dispersion was found to vary across
the material’s length, but it was unclear whether the variation resulted from the
heterogeneous dispersion of filler within the material or the agglomeration of additive
particles.

The application of THz-TDS to polymer manufacturing has also been studied.
Wietzke et al. studied the ability of the THz-TDS system to determine the amount of
Mg(OH), dispersed within preparations of linear low-density polyethylene, CaCOj; in
polypropylene, glass fibers and other additives in polyamide 66, and Si or SiO; in
polypropylene. Quantitation of the additive was primarily established by measuring the
refractive index of the additive modified polymer.** The refractive index increases
linearly as a function of the amount of additive.”* Subsequently, these THz
measurements were demonstrated for in-line monitoring capable of real-time
measurements of the molten polymer as it was formed.”” Again, refractive index was
indicative of the amount of additive within the polymer, although in this case the
refractive index was lower than its solid counterpart because of the inherent difference in
density.”* This set of measurements emphasizes the attractive ability of THz-TDS
measurements to rapidly acquire absorptivity and refractive index data from polymer
samples.

The transparency of many polymers renders these polymers well-suited to use as
optical windows and sample matrix elements for THz measurements. Examples include
polymethylpentene, Zeonor (a cyclo-olefin polymer), and polydimethylsiloxane, which is
a material commonly used in the construction of microfluidic devices.”' The THz
properties of polystyrene foam were examined,”” indicating that polystyrene may also be

a suitable transparent material for THz spectroscopy.
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Examples are also prominent in the literature illustrating the potential of THz
methods to characterize physical and chemical properties of polymers, such as solvent
diffusion®* and hygroscopicity.”>* For example, reflection measurements were used to
track the movement of acetone through polycarbonate and polyvinylchloride,* the
results of which were in agreement with data from nuclear magnetic resonance (NMR)
measurements. Hygroscopicity of various polymer materials was examined using THz-
TDS, where cyclic-olefin copolymers COC 6013 and COC 5013 were recommended as
THz optical windows based on low hygroscopicity and high optical transparency.”>> In
this same study, high-density polyethylene and poly-tetrafluoroethylene (Teflon) were
also deemed suitable on the basis of low hygroscopicity.>

Electrically conductive polymers have also been analyzed by using THz-TDS
technology. Materials such as polypyrrole,” poly-3-methylthiophene,*> poly-3-
hexylthiophene,”® and poly(2,5-bis(3-tetradecylthiophen-2yl)thieno(3,2-b)thiophene)>’
have been studied using THz-TDS. Characterization of these materials is of particular
interest because they have performed well as alternative materials for the construction of
semiconductor technology, such as field-effect transistors (FET’s), light emitting diodes
(LED’s), solar cells, or a variety of other uses. Inorganic materials have already been
used for these devices, but the flexibility of these polymer semiconductors would
potentially enable a wide variety of portable applications. Determination of the charge
carrier mobility can guide improvements in chemical structure. For example, solar cells
constructed using materials with high carrier mobility will outperform cells constructed
with materials having lower carrier mobilities. Carrier mobility (x) is proportional to the
relative change in THz transmission (47/7,) divided by the efficiency () of carrier

photogeneration, shown in Equation 8:

(1 + N)hv [(%)/U] Equation I-12

k= eF(1—R)(1 — exp{—ad})Z,
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where v is the pump laser beam frequency, N is the film refractive index, F is the
incident fluence, « is the polymer film absorption coefficient, R is the polymer film
reflection coefficient, e is electric charge, h is Planck’s constant, and Z, is the impedance

258
of free space.”

THz-TDS is appealing for this set of measurements because information
can be gained on the properties of the polymer without physical contact. This feature
reduces the number of experimental variables that could affect the collected data.
Traditional measurements of this type involve the use of electrical contacts on the surface
of the semiconductor material, but the resistance at these junctions will often impact the
observed mobility as much as a change in material composition.*

Polymers have also been of interest to the THz community as potential antenna
substrates for the production and detection of THz radiation. Several publications
indicate that certain polymers could be used in place of the biased group III-V
semiconductor antennas described above.” Polymer materials offer several advantages
and disadvantages over their inorganic counterparts. Polymer-based emitters and
detectors can be manufactured with broadened frequency response, up to 12 THz in band
width.**® Internal reflective losses are less because of lower refractive index of the
polymer compared to inorganic crystal.*®® The polymer-based components are easy to

. . . . 261
fabricate, flexible, less expensive, and easier to handle. 6

Less dispersion is also
observed with polymer-based emitter devices.**> Major drawbacks of these polymer
materials include low radiant powers and photodegradation over time.>® Further material

development could simultaneously decrease the cost and improve the portability of THz-

TDS instrumentation.

Analvytical Challenges for Quantitative Measurements of

Solids
The quantitative relationship between magnitude of THz radiation absorbed and

concentration of the absorbing species should follow the Beer-Lambert law, as noted
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above in Equation 2. Many papers in the THz literature explore the quantitative nature of
THz-TDS measurements for solid samples, in particular samples where the targeted
analyte is dispersed within a pellet of PE. Unfortunately, quantitative relationships are
not well defined in the vast majority of these reports and plots of absorption versus
concentration are highly scattered and of low overall quality. Clearly, analytical
measurements of solids using THz-TDS methods are not straightforward.

A number of factors serve to complicate quantitative THz-TDS spectroscopy. In
some cases, the targeted analyte is too highly absorbing to permit high quality spectra,
particularly when spectra are collected with a transmission geometry. In such cases,
reflectance measurements either in an ATR or diffuse reflectance format might be
helpful.

Spectral features within THz spectra of solid samples tend to be relatively broad
compared to those obtained from liquid and gaseous samples. Narrower spectral features
enhance chemical selectivity by reducing spectral overlap and providing greater
distinction between molecular species. Inhomogeneous and homogeneous broadening
are two primary sources of peak broadening for these samples. Inhomogeneous
broadening results from a large number of analyte particles with non-identical molecular
conformations. The randomness of such granule morphologies creates a distribution of
sizes, shapes, and crystal orientations that induce broadening of the crystalline phonon
vibrations. The impact of inhomogeneous broadening can be reduced by using a single
crystal,”® though synthesis of single crystals can be challenging considering the size
necessary for high quality spectra.

Alternatively, samples may be ordered through the use of a waveguide geometry,
as reported by Laman and co-workers.”®® Waveguides consist of two parallel polished
metal plates (such as Cu or Al) stacked vertically, leaving a gap between the two plates.’’
High throughput can often be achieved with these devices through careful alignment and

use of optical components that focus radiation into the waveguide (between the parallel
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plates), in spite of the sub-wavelength spacing of the plates.”®® Loss is also minimized by
selecting waveguide materials having high THz reflectivity and polishing the plate
surfaces. Samples can be drop-cast within the waveguide by distributing a sample-
miscible solvent on the plate prior to addition of the sample.

Using the waveguide technique, Laman et. al.*®® obtained spectra from samples of
benzoic acid, salicylic acid, 3-hydroxy-benzoic acid, 4-hydroxy-benzoic acid, and aspirin.
These spectra revealed absorption peak full-widths at half-maximum (FWHM) are
significantly reduced, to as little as 20 GHz (0.667 cm™). In addition to enhanced
resolution achieved through narrowing of spectral features, Laman et. al. report an
approximately 100-fold improvement in sensitivity afforded by the waveguide, obtained
through a higher sample filling factor.”®® It was noted by the authors that crystalline
structures formed within the confines of the waveguide exhibited an increased level of
order, as crystals were found to be largely oriented in a planar fashion, which is thought
to be the mechanism by which the effect of inhomogeneous broadening in the acquired
absorption spectra is reduced.’’

Homogeneous broadening is caused by the distribution of phononic vibration
energy levels present in a sample at room temperature. Homogenous broadening can be
reduced by lowering the temperature of the sample. Fewer vibrational states are occupied
at lower temperatures, thereby narrowing the band of frequencies absorbed by the
sample. Spectra were collected at reduced temperatures (77 K) as well as room
temperature (295 K) to investigate the narrowing of absorption features. Such
improvements are especially desirable when characterizing materials. The actual number
of phononic transitions can be more closely determined if superimposed spectral features
can be resolved, allowing visualization of weak transitions that are often lost in the
shoulders of neighboring peaks. Transition center frequencies can be more easily
estimated as spectral overlap is reduced. A slight trade-off is encountered when using a

waveguide, as the sharpening of spectral features will require the acquisition of lengthier
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TDS:s to attain the necessary resolution. The increased signal length will require
increased collection times, assuming an equivalent amount of signal averaging or
integration time.

The granular nature of either the sample itself or the matrix in which the sample is
dispersed can adversely affect the quality of THz spectra and, hence, the ability to
perform quantitative measurements. Reports illustrate that scattering of the incident THz
radiation depends on the size of the particles used to create the sample.**
Spectroscopically, this scattering produces an exponential increase in the baseline from
low to high THz frequencies and this sloping baseline can result in significant attenuation
of radiation, particularly at higher frequencies. Figure [-27 shows an example of
absorption spectra collected from a series of PE pellets prepared from stock PE materials
with different particle sizes.

Large particles (150-200 um) exhibited a higher degree of scattering when
compared with samples containing smaller particles.” Milling granulated samples and/or
sieving the sample particles prior to forming the pellet can reduce the slope of the
baseline, but increases preparation time. The resulting baselines can be modeled by
polynomial functions of different orders according to particle size. In general, the
polynomial order which best fits a baseline was found to increase as the particle size
increased.” Compensation for a sloping baseline could be achieved by using a pre-
determined polynomial function to fit and remove the baseline similar to methods
traditionally used in processing spectra collected from Raman scattering experiments.®’

Other heterogeneous properties of the samples will contribute to degradation of
the quality and reproducibility of THz spectra. Spatial distribution of components will
affect spectroscopic investigation as the diameter of the THz beam is frequency
dependent when generated in such a manner.>> The beam diameter is smaller at high
frequencies and increases at low frequencies. If, for example, analyte particles are

located preferentially towards the periphery of a pellet or tablet, then these molecules will
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not be probed equally at all frequencies, thereby distorting the spectrum. Sample pellets

should be prepared from particles that have been thoroughly mixed to provide

reproducible spectra. THz imaging might be useful to characterize analyte distribution.
Another source of spectral variation is a frequency-dependent attenuation of

234

radiation transmitted or reflected at multiple interfaces within the sample.”™ Reports on

this phenomenon illustrate its significance across the THz spectrum. An example is a set

of parallel air/sample and sample/air interfaces for a sheet of PE with uniform thickness,

Figure [-27. Absorbance spectra of PE powders of various particle sizes. PE is a non-
absorbing compound, but can still scatter THz radiation. Note that the
increase in attenuation as particle size increases. Taken from’ with
permission.



&3

as illustrated schematically in Figure I-28. Reflectance occurs when the THz radiation
travels from a region of low refractive index (air) to a region of high refractive index
(sample). The fraction of radiation lost by reflection is dependent on the difference in
refractive index for the two materials, as described by Fresnel’s equations. The resulting
spectral impact will be a broadband attenuation in the transmitted signal. For many
substances, the refractive index is wavelength dependent across the THz spectrum,
thereby creating a matrix dependent source of spectral variation. The broadband
attenuation can be removed by baseline fitting as described above or possibly by
referencing the absorption spectrum to a suitably matched reference material. Still, the
loss of transmitted signal diminishes the overall signal-to-noise ratio, which adversely
impacts the quality of the spectra.

Fabry-Perot interference fringes can be an additional source of confounding
spectral variation within THz spectra. As illustrated schematically in Figure I-28, the
transmission measurement is essentially a Fabry-Perot cavity that results in multiple
passes of the incident radiation through the sample. An etalon pattern is observed in the
frequency-domain spectrum, depending on the thickness of the sample and the
differences in refractive index at the interfaces. This etalon pattern corresponds to a
periodic fluctuation in the baseline signal and the superposition of such periodic
fluctuations and sample-dependent spectral features can confound qualitative and
quantitative analyses. Although, in principle, the Fabry-Perot effect can occur beyond
two reflections within the sample, higher order reflections are generally insignificant.

An example of the Fabry-Perot phenomenon is illustrated in Figures 1-29 and 1-30, which
correspond to the time and frequency domain spectra collected for a series of
polyethylene sheets. The bottom signal shows results from dried air and no polymer.

The remaining three spectra correspond to one, two, and three (moving upward) 0.81 mm
thick sheets of high density polyethylene in the optical path, respectively. These spectral

data were collected with a spectral resolution of 1.067 cm™ and averaging 1800 scans.
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Figure I-28. Illustration of the Fabry-Perot effect showing reflection and transmission at
the sample interfaces.

The Fabry-Perot phenomenon can be viewed directly in the time-domain
spectrum and can provide information about the thickness of the sample. Indeed, as
noted above for measurements of pharmaceutical tablets, relative positions of the main
peak and the Fabry-Perot echo in the time-domain spectrum provides a measure of the
depth and/or thickness of the various features within the tablet. Also, the number of
interfaces can be determined directly from the time-domain spectrum. It should be noted
that the reflection artifacts visible in the TDSs shown below are more prominent than
those expected with a pellet, as multiple interfaces give rise to the intense second and
third artifacts. The intensity of each echo artifact from ensuing reflections can be

estimated using Fresnel’s equation for reflection, shown in Equation I-13.

R =[(n; — ny)/(ng +ny)]? Equation I-13
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Figure I-29. Time-domain signals illustrating the etalon effect. Signals are offset
vertically for comparison and lines are provided as a visual guide for position
of the main peaks and the Fabry-Perot echoes. The bottom signal is for dried
air and the three additional spectra are for one, two, and three (moving
upward) sheets of HDPE in the beam path.
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Figure I-30. Absorbance spectra calculated from the time-domain signals in Figure 1-29.
From bottom to top, the spectra represent one, two, and three sheets of HDPE
placed in the beam path. The time-domain signals were extended with a linear
function to 4xN data points, where N is the nearest power of 2 from the
original TDS length. These signals were Fourier transformed after boxcar
apodization. A spectrum collected with dried air was used as the reference for
these spectra.



86

where R is the reflection coefficient, n, is the refractive index of one material (air, for
example) and n, is the refractive index of the other material (PE in this example). Given
an air/PE interface, one would expect the coefficient of reflection to be approximately
0.045, or 4.5% per interface. Because of the exponential decay in the intensity of the
etalon echo, the second and third echoes are often obscured by instrumental noise or the
waveform of the sample.

Although the number of interfaces can be determined by counting the number of
Fabry-Perot echoes in the time-domain spectrum, it is important to understand that the
scan length of the delay line must be sufficiently long to view echoes for all interfaces. If
the reflected radiation were to travel through more material (of a greater thickness) or a
material of sufficiently high refractive index, the time delay of the “echo” signal may be
outside the region scanned with the delay line.

The corresponding frequency-domain spectra presented in Figure 1-30 illustrate
the complex fringe pattern that can result from multiple interfaces within the sample.

The presence of such fringe patterns mixed with sample absorption features can certainly
complicate quantitative measurements and degrade analytical performance. Various
methods are proposed to reduce the impact of these Fabry-Perot patterns. One approach
is to mathematically alter the time domain signal to remove the fringe pattern®®® and
another, which has proven useful when applied in other frequency ranges, is to use
windows and samples with non-parallel faces (wedge-shaped), so that the reflected
radiation would no longer propagate toward the detector.*®’

As noted above for biological samples, the strong absorption properties of water
presents a major challenge in collecting high quality THz-TDS spectra from samples with
appreciable amounts of water. Water can interact with some compounds and affect the
THz spectrum directly.® Mostly, however, liquid water attenuates the transmitted
radiation, thereby reducing the signal-to-noise ratio of the measurement. A common

practice is to dehydrate such samples if possible without damaging or altering the sample.
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Alternatively, samples can be frozen, thereby taking advantage of the sharper spectral

bands of ice compared to liquid water.**®

Conclusions

THz-TDS, though in its infancy when compared to other spectroscopic methods,
has been applied to a vast array of qualitative as well as quantitative applications. A
variety of detection schemes and optical configurations have been developed for this
method, providing greater flexibility which in turn broadens the applicability of the
method. The time-resolved nature of the method provides unique information
inaccessible to CW instrumentation which is often used for materials analysis,
characterization, and quality control. Data processing methods can be applied prior to
and following the Fourier transformation of the TDS, providing enhanced SNRs and
allowing more precise determination of spectral peak parameters.

Through the use of both spectroscopic and imaging apparatus, THz frequencies
have been used to meet a broad range of analytical challenges. Security-related objects
such as concealed contraband have been imaged through non-metal barriers, and
explosives have been identified based on spectral features. Tablet coating analysis and
imaging of ingredient distribution have been performed using these frequencies,
presenting an analytical method almost ideally-suited for the pharmaceutical industry. A
variety of biological tissues have been examined using these frequencies, including
dental, organ and dermal tissues, with promising results in the areas of caries and cancer
detection. Analysis of polymeric compounds has illustrated the potential of this method
in analyzing polymer additives in on-line measurements. Other polymers have been
found to have potential in THz frequency optics, such as window materials or even
antenna substrates.

Like any analytical method, hurdles must be overcome when analyzing solid

samples. Water is the THz spectroscopist’s nemesis, as it exhibits intense, broad
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absorption across this frequency range. As such, investigation is restricted to relatively
dry samples when using this method. This challenge may be overcome as methods are
developed in which higher radiant powers are attained. Spectral features of some solid
compounds have also been shown to vary depending on the extent of hydration.
Scattering and reflection produce spectral artifacts, though these may be reduced or
eliminated using special sample preparation techniques or spectral processing methods.
Improvements to the conventional design of the apparatus are currently under
investigation. Polymeric compounds have been shown to provide an inexpensive and
relatively broadband antenna substrate alternative, though state-of-the-art devices are
susceptible to photodegradation and produce low radiant powers. Advances in delay line
technology have been reported, improving the scan rate of the apparatus. Improvement
of femtosecond laser technology could provide reduction in the size of the apparatus, and
lasers capable of producing NIR pulses of shorter duration would ultimately provide
increased spectral bandwidth. Development of anti-reflective (AR) coatings suitable for
THz frequencies could result in more efficient transmission of terahertz pulses, allowing
a higher level of throughput and improved SNRs. As the method is developed and
performance is enhanced, the number of potential analytical applications will
undoubtedly increase. The THz frequency range has been shown to provide unique

information for a variety of solid samples of scientific and engineering interest.
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CHAPTER 1II
INSTRUMENT CONFIGURATION AND CHARACTERIZATION

The TeraView Ltd. TPS Spectra 1000 D

Measurements were performed with a TeraView TPS Spectra 1000D, a THz-TDS
system that generates and detects terahertz radiation via a photoconductive (PC) antenna.
Though designated as the model “1000D”, this instrument is identical in design and
function to the Spectra 2000. The Spectra 1000D was the second generation instrument,
capable of operating both in transmission and reflection (ATR) modes, hence the “D”
designation (meaning dual mode). Shortly after manufacture of the Spectra 1000D
however, the model name was changed to Spectra 2000 to reflect the second generation
technology and design. Given the unique characteristics of the instrument’s operation
and the relative infancy of the technology, descriptions of its configuration and principles
of operation are warranted. The primary components of the apparatus are similar to those
illustrated in Figure I-1, with the exception of the translation stage mounted in the beam

path. Emitter and receiver antennae are similar to those illustrated in Figures 1-2 and I-3.

The Ultrafast Laser (Coherent Vitesse-2)

As mentioned in Chapter I, the generation and detection of broadband THz pulses
are dependent in part on ultrafast laser pulses. A Coherent Vitesse-2 titanium-doped
sapphire (Ti:sapphire) ultrafast laser is used to generate pulses of NIR radiation in the
TPS 1000D. Specifications of the laser unit are displayed in Table II-1. The laser
consists of several small subunits: the pump laser diode, Verdi laser head, Verdi-Pumped
Ultra-Fast (VPUF) laser head, and PowerTrack mirror, depicted schematically in Figure
II-1. A complete description of the laser components and their functions may be found in
the Coherent Vitesse User’s Manual.'® The PowerTrack mirror is an automatic alignment
system designed by Coherent Inc. to reduce maintenance while providing optimal power

output.
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Table II-1. Selected specifications for the Coherent Vitesse 800-2 Ti:sapphire laser.

Property Value Range Unit
Average Power 250 greater than mwW
Bandwidth 10 greater than nm
Pulse width 100 less than fs
Repetition Rate 80 1 MHz
Wavelength 800 +1 nm
Power Stability +1 N/A %

VITESSE LASER HEAD

%

MIRROR

VERDI LASER HEAD

FIBER CABLE

OUTPUT %
— 0 N
POWERTRJWK.

VPUF LASER HEAD

Figure II-1. A diagram of the subunits within the Vitesse 800-2. The fiber cable is used
to couple in light from a solid-state diode laser. Adapted with permission.'’

Generation of the ultrafast NIR pulses begins with a solid state CW diode laser,

which produces NIR radiation at a wavelength of 808 nm. The output of this diode laser

is coupled into the Vitesse unit via a fiber optic cable. Figure II-2 depicts an energy level

diagram for this semiconductor laser. Once the light has entered the Verdi laser head, it

is used to “pump” or excite a neodymium yttrium orthovanadate (Nd*":YVOy, sometimes

referred to as “vanadate”) crystal, which in turn emits radiation at a wavelength of 1064

nm. Vanadate crystals provide several benefits in this application when compared to
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common alternatives such as Nd:YAG (yttrium aluminum garnet host crystal) or Nd:YLF
(yttrium lithium fluoride host crystal). Neodymium-doped vanadate has higher
absorbance than Nd:YAG or Nd:YLF, which provides more efficient conversion and
allows the use of smaller crystals. Vanadate’s stimulated emission cross-section is
almost 4 times greater than that of the YAG matrix, and the emitted radiation is both
stable and of relatively narrow bandwidth centered near 1064 nm.'® Light emitted from
the vanadate crystal is also polarized.

Vanadate is also an efficient lasing medium due to the 4-level scheme involved in
the lasing process, illustrated in Figure II-4. Four-level gain media have several
advantages over 3-level media such as ruby lasers. The energy level depicted in Figure
1I-4 as Ey is not favored, so self-absorption losses (a transition from E to Ey) are less
significant, which provides greater efficiency of the conversion of pump energy to
emitted laser light. This light then passes through the frequency-doubling lithium borate
(LBO) crystal, producing light with a wavelength of 532 nm, which is green in color. An
optical diode is included in the lasing cavity to induce unidirectional oscillation, which is
the propagation of light in one direction about the beam path. When also combined with
the temperature-stabilized etalon, frequency selectivity is improved.'® An astigmatic
compensator removes distortion caused by non-normal reflection of the laser beam from
the surface of the curved mirrors. '

At this point, the light is coupled out of the Verdi laser head, reflected off the
PowerTrack Mirror system, and enters the VPUF unit, which houses the Ti:sapphire
crystal, from which the laser derives its name. A schematic of this unit is provided in
Figure I1I-5. It is in this unit that the green light from the Verdi laser (532 nm) is
converted to NIR light with a wavelength of 800 nm. Wavelength conversion is
accompanied by the pulse-shaping process which is ultimately responsible for production

of the required fs pulses.
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Figure II-2. The 2-level energy diagram depicting the electronic transitions occurring in
the solid-state diode pump laser during emission.
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Figure 11-3. Schematic of optical components within the Verdi laser head. Image
reproduced with permission.
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Figure II-4. Energy diagram depicting the electronic transitions occurring in the
Nd3+:YVO4 laser gain medium.

Solid-state ultrafast lasers like the Vitesse 800 rely on a technique known as Kerr
lens modelocking (KLM) in combination with the optical properties of the gain medium
to generate fs light pulses.'” KLM is initiated via an automatic starter unit and a slit.
Prior to initiation of KLM, the laser operates in CW mode. When operating in CW
mode, the laser beam profile is broader than during modelocked operation.'® The slit’s
size is adjusted to induce appreciable attenuation when the laser operates in CW mode,
but losses are decreased when the laser operates in a modelocked fashion. Kerr lens
modelocking relies on a phenomenon known as the “optical Kerr effect” in this
configuration, through which the beam size is modulated without inclusion of additional

optical components in the laser cavity.
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The optical Kerr effect occurs when bursts of sufficiently-intense light travel
through a medium, altering the material’s refractive index, and thus changing the size of
the beam as it propagates through the medium.'® Regions in which this occurs are
referred to as Kerr lenses, and are critical in the KLM process. Ordinarily, Kerr lenses
will not form while the laser is operating in CW mode,'® but can be formed with
assistance from the starter. The starter device consists of a high-reflectivity mirror
mounted on a solenoid-actuated spring. When a potential is applied to the solenoid, the
mirror will move rapidly, which in turn changes the length of the laser cavity. Rapid
changes in the length of the laser cavity can induce temporary spikes in the laser power as
a result of constructive interference between passing photons. In turn, the spikes can
produce Kerr lenses in the laser cavity, which reduces the beam diameter and decreases
attenuation of the laser beam by the slit. Decreased attenuation produces greater spikes
in intensity when the cavity length is modulated by the starter, and the process is
repeated. The starter is only required in this stage, after which the laser becomes “self-
modelocked” and requires no further input to maintain pulsed operation.

Ultrafast laser pulse duration is a product of the emission characteristics of the
gain medium. The uncertainty principle dictates that a short pulse in the time domain
will have a correspondingly broad spectrum in the frequency domain.'" This principle is
illustrated graphically in Figure II-6. One can see from this figure that the pulse duration
is inversely proportional to the bandwidth of the frequency domain emission spectrum
and the laser repetition rate is proportional to the length of the laser cavity. The
apparatus would not be complete without inclusion of the negative dispersion mirrors
(NDM).

Kerr lens formation relies on a change in refractive index in the laser gain
medium, but the altered refractive index can affect the pulse shape and duration through a
phenomenon known as group velocity dispersion (GVD).'® As discussed previously,

generation of short laser pulses depends on high spectral bandwidth, but many materials
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exhibit dispersion, which is characterized by frequency-dependent variation of the
refractive index spectrum. As such, the refractive index for one frequency may be higher
than that of another, causing it to be delayed with respect to the other frequency
component. This results in broadening of the laser pulse in the time domain, which must
be corrected via reflection from the NDMs.'® Negative dispersion mirrors are optical
components constructed from a thin, transparent material coated with a highly reflective

surface on the back side which act like an F-P interferometer.

NDM Slit Starter

Pump H_U

NDM

Ti:Sapphire

ND

M
Qutput § ]
< NDM

Figure 1I-5. Schematic of the VPUF laser head configuration. Adapted with
permission.'

The thickness of the mirror is small enough that the difference in phase between
photons reflected at the first surface and the reflective surface at the rear becomes
negligible. As a result, the phase alteration induced by the NDM becomes a function of

frequency, as shown in Equation II-1."°
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Figure I1-6. Relationship of cavity length (top) and emission profile (lower left) to pulse
duration and repetition rate (lower right). Adapted with permission.''

—2xtd* (1 —72%) xr*sin[w * ty] Equation II-1
(1+ 712 —=2%r*cos[w * ty])?

tan ¢p(w) =

where tan ¢(w) is the phase, 7 is the reflectivity of the front surface of the etalon, w is
the angular frequency of the light, and ¢, is the transit time of the light through the etalon.
Four NDMs are used to reduce the overall GVD of the laser cavity to a near-zero level.
The effect of uncorrected GVD on the laser pulse is illustrated in Figure II-7.

Complete descriptions of the generative and modelocking processes can be found
in the literature.'™'" At this point, the laser produces ultrafast laser pulses which are
coupled out of the laser unit via fiber optic cables, and are used to generate and detect
THz pulses via the mechanism described in Chapter I. Further explanation of the

principles governing the operation of ultrafast laser systems is available elsewhere.*®
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Figure II-7. Diagram of GVD phenomenon, illustrating frequency components and
resultant pulse profiles. High-frequency components are represented by the
blue trace, and low-frequency components are represented by the red trace.
Note that the x-axis of these plots is in time, and the axis is reversed such that
t=0 resides toward the right side of the pulse. The figure illustrates positive
GVD, which is a case where the refractive index is greater for high
frequencies, so high frequency constituents of the pulse are delayed relative to
low frequencies, and are observed or measured at a later time. It is important
to note that this effect is exaggerated for illustration and that the observed
phase delay would be more continuous than shown here.

Instrument Characterization

Quantitative analysis of weak absorbers or low sample concentrations tends to
challenge the capabilities of instrumentation, as mentioned in Chapter I. As such, it is
wise to examine the properties of analytical instrumentation prior to sample analysis. A
key instrumental figure of merit is the SNR, which describes the ratio of the magnitude of
instrumental variance relative to a measured signal. The SNR is related to the spectral

RMS noise, which may be determined using Equation I1-2.27°

= Equation I1-2
2i(4; —A)?

n

RMS =



98

To calculate the RMS noise (RMS), the summed squared deviation of each spectrum (4;)
from the mean spectrum (A) is normalized by the number of averaged points (n), either a
range of resolution elements or multiple averaged spectra at a single wavelength. The
square root of this value provides the RMS noise, which is related to the SNR via

Equation II-3.

_ Equation II-3
SNR = 2.303RMS

The SNR (SNR) is equal to the reciprocal of 2.303 times the RMS noise (RMS). RMS
noise may be reduced by averaging replicate spectra, which is carried out by software
installed on the TPS Spectra 1000D spectrometer, allowing rapid acquisition of low-noise
spectral data. Thus, the RMS noise will decrease in a manner which is proportional to the
reciprocal of the square root of the number of averaged scans, which in turn will produce
a corresponding increase in the SNR.

Spectral noise is known to be proportional to the spectral resolution, amongst
other instrumental characteristics as described by Griffiths and de Haseth.'*> As such, it is
worthwhile to characterize the noise as a function of resolution to determine a practical
value for measurement. The relationship between spectral resolution and the observed
peak width is also of interest,'” though the resolution selected for the reported gas phase
spectra is still above that of the expected spectral peak widths.'®' Lower resolution
(narrower data point spacing) is achieved by increasing the length of the time window
sampled after the TDS main peak; however the decreased spectral resolution is obtained
at the expense of the SNR as well as data acquisition time. Furthermore, published
accounts have indicated that robust qualitative and quantitative models may be developed
even when the instrument resolution is greater than the expected spectral peak widths of
the analyte.””' " In some cases, the resolution may need to be optimized on a per-

271

analyte basis.”"" It should be noted that while the SNR is higher when spectra are

acquired at higher resolution, spectral peaks which are narrower than the instrumental
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resolution will be broadened and their widths will approach that of the spectral

resolution.'®!

As the peaks are broadened, they will tend to overlap, which can have an
adverse effect on the selectivity of the method.

To evaluate the effect of spectral resolution on the SNR, 3 TDSs were acquired at
a resolution of 0.225 cm™ as the average of 1800 scans each. An average of 1800 scans
was suggested by TeraView representatives, but the effect of averaging was also
examined. For this estimation, three single beam spectra were acquired with an open
beam path after an extended (>24 hr) period of dry air purging and were collected
manually in rapid succession. It should be noted that this set of data was measured
shortly after alignment of the instrument’s optical components, so the values presented
represent near-optimal signal levels. Signal levels recorded during gas sample analysis
were lower due to the extended period between the previous service appointment and the
time of spectral acquisition.

While the TDSs were acquired at a single resolution (0.225 cm™), the spectral
resolution may be increased by truncating the TDS and extending the signal with a linear
function to provide uniform data point spacing (as described in Chapter I). The

resolution of a TDS may be determined using Equation 1I-4.
Res = 1/2 A Equation 11-4

The resolution (Res, in cm™) is a function of the reciprocal of 2 times the post-peak
optical delay (4, in cm) after truncation (if applicable) but before extrapolation of the
signal. Single beam spectra were calculated from the TDSs, which were then used to
calculate hundred percent lines in three combinations, shown in Figure II-8 and Figure 1I-
9. RMS noise was calculated by fitting the spectrum with a quadratic function across the
20 — 60 cm™ spectral range. This procedure can be represented by Equation II-2 in that n
represents the number of resolution elements included in the fitted spectral region and A

represents the quadratic fitted value at a particular resolution element. Measured RMS
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noise and SNR values are plotted as a function of spectral resolution in Figures II-10 and
II-11, respectively. A spectral resolution of 0.225 cm™ was selected for sample spectra,
as this provided a reasonable SNR, and the resolution could be altered via truncation of
the TDS at a later time. Spectral resolution below 0.225 cm™ requires acquisition of a
fifth TDS segment (explained further in the next section), which increases collection time
when averaging 1800 scans.

Replicate TDSs were also collected to evaluate the effect of signal averaging on
the calculated RMS noise. One-hundred sixty-two signals were collected with the
minimum level of averaging (30 scans), and various numbers of single beam spectra were
averaged to mimic different levels of signal averaging. RMS noise was calculated across
the 5-125 cm™ range for each of the averaged hundred percent lines. Noise levels were
found to change drastically at low levels of averaging, but the decrease in RMS noise is
minimal at high levels of averaging, as shown in Figure II-12. When the same RMS
noise values are plotted as a function of the reciprocal of the square root of the number of
averaged scans, the plot becomes linear (as shown in Figure II-13), in accordance with
Equation II-2. Eighteen hundred averaged scans were selected for experimental data, as
this provides a low level of RMS noise without requiring prohibitively long scan times.

The triplicate single beam spectra used for analysis of the spectral resolution were
also used to estimate the SNR in various spectral regions at the desired spectral
resolution. The mean and standard deviation of the spectra are displayed in Figure I1-14.
Spectral SNR may be represented by a ratio of the mean and standard deviation, shown in
Figure II-15, though this method tends to underestimate the SNR available with simple
baseline correction steps. Calculated RMS noise values are tabulated in Table I1-2 as
calculated by least-squares fits of the spectral baseline. Note the correlation between the

SNR values and the mean single beam spectrum magnitude shown in Figure 11-14.
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Figure II-8. Hundred percent lines calculated from three single beam spectra. Note the
high variability at the extremes of the plotted spectral range.
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Figure 11-9. Expanded view of hundred percent lines plotted in Figure 11-8. Some high-
frequency artifacts in the spectrum are non-random. The source of this
variability will be discussed in the TDS shift-correction algorithm section.
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Figure II-10. Mean RMS noise from the 3 hundred percent lines plotted as a function of
spectral resolution.
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Figure II-11. SNR plotted as a function of resolution, demonstrating the linear
relationship between SNR and resolution described by Griffiths and de
Haseth.'> The best fit line is shown in red.
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Figure II-12. The RMS noise from the 5-125 cm™ spectral range plotted as a function of
the number of averaged scans.
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Figure 1I-13. RMS noise plotted as a function of the reciprocal of the square root of the
number of averaged scans.
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Figure II-14. Single beam spectrum magnitude (red) and standard dev1at10n (blue) from
three replicate spectra collected at a resolution of 0.225 cm™ as the average of
1800 scans per spectrum.
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Figure 11-15. Base-10 logarithm of the SNR calculated from the ratio of the mean single
beam magmtude and standard deviation. Note the steep drop in SNR around
130 cm™
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Table II-2. RMS noise calculated from three 100% lines. Mean, standard deviation and
SNR are provided for several spectral regions.

Spectral Region (cm™) RMS noise (mA.U.) SNR
SB1/SB2" | SB2/SB3' | SB1/SB3"' | Mean | Std. dev.

0-2.5 100 26 76 67 38 6
2.5-10 0.6 0.3 0.6 0.5 0.2 895
10 - 20 0.12 0.17 0.24 0.18 0.06 2479
20-30 0.08 0.14 0.19 0.13 0.06 3218
30-40 0.07 0.14 0.18 0.13 0.06 3357
40 - 50 0.09 0.13 0.17 0.13 0.04 3343
50 - 60 0.10 0.14 0.19 0.14 0.04 3038
60 - 70 0.14 0.17 0.21 0.17 0.04 2497
70-80 0.24 0.24 0.28 0.25 0.02 1728
80-90 0.44 0.41 0.48 0.45 0.03 976
90 - 100 0.66 0.68 0.70 0.68 0.02 643
100 - 110 1.51 1.39 1.54 1.48 0.08 294
110- 120 4.2 3.3 3.6 3.7 0.4 117

120 - 130 6.7 5.5 6.5 6.2 0.6 70

1. Single beam ratios.

TDS Shift-Correction Algorithm (SCA)

All experimental spectra presented to this point have been produced using a
program referred to as the shift-correction algorithm, or SCA. Signals acquired with the
TeraView TPS 1000D are typically collected in what is known as “hybrid scan mode”.
This means that the signal is collected in several discrete segments (2048 data points in
length) during data acquisition. Upon completion of acquisition, the segments are
concatenated, producing a single TDS. Segments are joined with overlapping sections,
which are averaged at the junction to provide continuity between segments. However, a
series of experiments revealed irreproducibility in the placement of these segments.
When replicate TDSs were collected back-to-back, some signals contained segments
which were shifted relative to the same segments of other signals, while other segments

appeared to be correctly positioned.
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The movement of these segments was found to correlate with the position of an
unexplained artifact present in the TDS. This “stutter” was first identified when spectra
were acquired while the beam path was blocked, similar to the signals displayed in
Figures II-16 and II-17. One stutter is located in each segment, and the position of the
artifact was found to vary only by one data point, and only in segments following the
first. Figures II-18 and II-19 provide expanded views of the stutter in TDSs measured
with an open beam path. When signals are acquired without complete absorption of the
THz pulse, the stutter artifact is superimposed with the true THz pulse waveform. Figure
II-19 portrays a case in which the shift has occurred. There is no longer good agreement
between the two signals, and the stutter artifacts are no longer superimposed. The impact
of the shift is clearer when inspecting the difference between signals, as shown in Figures
II-20 and II-21. Note the increased magnitude of the difference in Figure I1-21, as well as
the difference caused by a shift in the stutter artifact. The difference between signals is
also magnified when the shift occurs in a portion of the signal which contains a portion of
the waveform with high magnitude.

A large set of signals was collected to determine the typical shape and position of
the stutter artifacts. Signals containing stutters in identical positions were selected for
use, and the regions containing the stutter were averaged to produce a reference set for
the shape of the stutters. Baseline correction was performed with the extracted stutters in
order to eliminate the shape of the waveform on which each stutter was superimposed.
Data were also collected with interruptions: scans were cancelled during acquisition at
various stages so the end points of each segment could be identified. Once the end points
were determined, the SCA was designed to move the signal between these points to
compensate for the shift. Segment positions were identified by calculating the correlation
between the reference stutter sets and baseline-corrected portions of experimental signals

which are known to contain the respective stutter artifacts.
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Figure II-16. TDSs collected with a blocked beam path. Signals were collected with a
resolution of 0.225 cm™, which requires acquisition of four segments.
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Figure 1I-17. Expanded view of one stutter artifact. Three replicate TDSs are shown in
the plot.



108

15

10

THz Electric Field (A.U.)

_10 L L L L L L L L
3570 3580 3590 3600 3610 3620 3630 3640 3650 3660

Data Point Number

Figure II-18. Expanded view of the second stutter artifact in signals 2 and 3 from the
RMS noise investigation.
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Figure 11-19. Expanded view of the fourth stutter artifact in signals 2 and 3 from the
RMS noise investigation.
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Figure II-20. Difference between signals 2 and 3, showing the region of the second
stutter artifact.
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Figure 11-21. Difference between signals 2 and 3, showing the region of the fourth stutter
artifact.
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If the calculated correlation was higher between a shifted reference stutter and the
experimental signal, the segment number was recorded for shift correction. In cases
where the correlation was higher between the original (un-shifted) reference stutter
artifact and the experimental signal, the segment was left as-collected. Steps executed in
shift correction are provided in the following outline.

1. Extract portions of experimental signals containing stutter artifacts (Figure
I1-22 and I1-23)

2. Perform baseline correction with extracted portions to remove waveform
superimposed with stutter artifacts (Figure 11-24)

3. Calculate correlation coefficient between reference stutters and extracted
experimental stutters (Table 1I-3)

4. Shift signal if correlation is higher between experimental stutter and
shifted reference stutter

These steps are shown graphically in Figures 11-22 through II-27 and Table II-3.
Figure I1-22 illustrates the reference stutter artifacts. Portions of the signal extracted for
comparison of stutter artifacts are denoted by dotted lines in Figure I1-23. Extracted
experimental stutter artifacts are shown before (Figure 11-24) and after (Figure 11-25)
baseline correction. Baseline-corrected stutter artifacts are overlaid with the reference
stutters for comparison in Figure II-25. Boundaries for shift correction are illustrated in
Figure 11-26. In cases where two adjacent segments must be corrected, the signal is
corrected from the lower boundary of the lower segment to the upper boundary of the
upper segment in one step to avoid scarification of the averaged portion of the signal
between adjacent segments. Differences between the second and third TDSs are shown
with and without shift correction in Figure II-27. The standard deviations from data point
number 6300 to 7400 are 0.63 and 1.10 for the shift-corrected and uncorrected signals,
respectively. This comparison excludes the deviation attributed to the stutter artifact

itself. Non-zero differences are still evident in Figure 11-27, likely a result of sub-data



point shifts or signal drift. The impact of shift correction on the resulting frequency-

domain spectra is discussed later.
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Figure II-22. Reference stutter artifacts. The red trace is shifted one data point “down”,
or toward shorter optical delay, relative to the blue trace. Signal correction
was performed to match experimental data with the “up” position.
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Figure 11-23. Plot of experimental TDSs with dotted lines indicating extracted regions
containing the stutter artifacts.
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Figure II-24. Extracted stutter artifacts from the third TDS segment. No offset or other
processing was applied to the signal to this point.

Figure I1-25. Extracted stutter artifacts after baseline correction. Reference stutters,
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shown as dotted lines, are overlaid for comparison. The first TDS is shown in
blue, the second in green, and the third in red.
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Table II-3. Correlation coefficients (r) calculated between experimental TDS stutter
artifacts and reference stutter artifacts.

Down Up Shift
TDS 1 0.7943 0.7746 Yes
TDS 2 0.7932 0.7796 Yes
TDS 3 -0.1624 0.7124 No
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Figure I1-26. Boundaries used for shift correction for each segment. The second segment
is contained within the blue dotted lines, the third within the red dotted lines,
and the fourth within the black dotted lines.
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Figure I1-27. Difference between TDS 2 and TDS 3 with (red) and without (blue) shift
correction.

Correction of segment shifts provides significant enhancement in the calculated
RMS noise while simultaneously improving the overall appearance of the absorption
spectrum. Figure II-28 contains hundred percent lines calculated with and without shift-
correction. Table II-4 provides the mean RMS noise and SNR calculated from spectra
determined with each method. RMS noise values are greater by a factor of 2.3-9.5 when
the SCA is not employed. Spectral peaks are also more reproducible when shift-
correction is employed, as shown in Figures 11-29 and II-30. Note the change not only in
the position, but also in the shape of the spectral peaks when shift-correction is not
performed, as illustrated by Figure II-30. Gas-phase spectral peaks are known to shift
when the analyte is observed at various pressures, but the shift is expected to be
miniscule (0.330 MHz/Torr," or 1x10™ ¢cm™/Torr). Furthermore, the overall pressures
at which these samples were prepared varied only by 0.5 Torr, a change which is not

sufficient to induce a visible shift. Figure I1-31 illustrates the difference in peak position
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between water vapor absorption spectra calculated with the SCA method and those
calculated without the SCA method. In some cases, the peak position is unchanged
because the positions of the TDS stutters (and thus the segments) match those of the
reference set, and no correction is applied.

While the SCA method provides significant improvement in the observed spectral
noise, the effect of the shift cannot be eliminated completely. As mentioned previously,
the junctions between the segments are averaged, producing a region which cannot be
shift-corrected. The scarifying effect of the shift is still visible in corrected spectra,
manifested as small periodic clusters of high-frequency artifacts. These features could
not be attributed to absorbing species, as their widths are much narrower than those of the
true observed spectral peaks. Identification of shifts by calculation of correlation

coefficients provides a robust and hands-off method for signal correction.
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Figure I1-28. Hundred percent lines calculated with (bottom) and without (top) shift-
correction. Spectra calculated without shift correction are offset vertically by
0.01 A.U. for comparison.
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Table II-4. RMS noise and SNR calculated from shift-corrected and uncorrected hundred

percent lines.

Shift-corrected No shift correction
RMS noise (mA.U.) RMS noise (mA.U.)

Spectral Region (cm™) Mean Std. dev. SNR Mean Std. dev. SNR
0-25 67 38 6 127 87 3
2.5-10 0.5 0.2 895 0.9 0.4 459
10-20 0.18 0.06 2479 0.5 0.4 842
20-30 0.13 0.06 3218 0.4 0.3 1081
30-40 0.13 0.06 3357 0.4 0.3 1045
40-50 0.13 0.04 3343 0.3 0.2 1501
50 - 60 0.14 0.04 3038 0.4 0.2 1151
60 - 70 0.17 0.04 2497 0.4 0.2 1198
70 - 80 0.25 0.02 1728 0.4 0.2 1006
80-90 0.45 0.03 976 0.8 0.3 554
90-100 0.68 0.02 643 1.0 0.3 439

100-110 1.48 0.08 294 1.6 0.1 269
110-120 3.7 0.4 117 3.8 0.2 113
120-130 6.2 0.6 70 6.3 0.3 69
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Figure 1I-29. Water vapor spectral peak as observed with shift-correction. The mean
peak position is indicated with a vertical solid line, and the standard deviation
of the observed positions is indicated by the two vertical dotted lines.
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Figure 11-30. Water vapor spectral peak as observed without shift-correction. The mean
peak position is indicated with a vertical solid line, and the standard deviation
of the observed positions is indicated by the two vertical dotted lines.
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CHAPTER III
CHEMOMETRIC METHODS

Introduction

A wide range of algorithms are available to analytical chemists for both
quantitative and qualitative analysis. Complexity varies greatly from one to the next;
where some methods require only a few commands or lines of code (such as the linear
regression), others may require the use of computational clusters to achieve the desired
result (e.g. genetic algorithms). Robust quantitative models will require at least two
generic steps in implementation: (1) calibration and (2) validation, or prediction.
Calibration is the step in which a predictive model is formed. A set of experimental data
is used to establish a model which correlates reference concentrations to the observed
instrumental response. The robustness of the model should be subsequently evaluated via
the validation step. A validation set would contain experimental data similar to that of
the calibration set, i.e. within the concentration range of the calibration samples, present
in a similar or identical sample matrix, and analyzed under similar conditions
(temperature, pressure, etc.). Further analyses may be performed, and are often
warranted, to further characterize the robustness of the quantitative model.

A procedure known as leave-one-out cross-validation was used for all validation
steps reported herein, unless otherwise noted. The resultant value, which is
representative of the precision of the predictive model, is referred to as the cross-
validation standard error of prediction, or CVSEP. It is obtained through a repetitive
process by which experimental data are swapped step-by-step such that all spectra are
used both in calibration and prediction steps by the end of the process. Figure I11-1
depicts the calibration and prediction steps involved in the cross-validation process, and
the CVSERP is calculated using Equation III-1. Low CVSEP values indicate a high level

of precision in the quantitative model.
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p=1  p=2  p=3 p=9
= calibration
B = prediction

Figure III-1. Illustrated representation of the cross-validation procedure. Yellow squares
represent calibration data and gray squares represent prediction data.
Calculation of the CVSEP is shown in Equation III-1.

Equation III-1

CVSEP = \/Zg=1(cref,p - Cpred,p)2
n

where p is the prediction step, n is the total number of steps, which is equal to the
number of samples in the leave-one-out case, Cy.5, 1s the reference concentration at
prediction step p, and Cp,¢q, i the concentration predicted by the quantitative model at
step p. It should be noted that data vector/matrix dimensions are provided in this context,

where n-1 samples are used in calibration and 1 sample is used in prediction.

Linear Regression

The linear regression may be the simplest of tools available to the

chemometrician. Its use is justified in spectroscopic applications where the Beer-
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Lambert relationship holds, as this model assumes a linear relationship between the
independent and dependent variables. The form of the assumed model is given in
Equation III-2:

Yy =B+ B1x+e Equation I1I-2
where y is the dependent variable (A.U.), By represents the y-intercept (A.U.) which may
result from the absence of a blank measurement or poor baseline correction, x represents
the independent variable (analyte concentration, e.g. ppm), [3; represents the slope, a
measure of sensitivity (A.U./ppm), and € represents the residuals (A.U.), which are often

the product of instrumental noise or interfering species.

Calibration

The algorithm may be implemented by choosing a point on the analyte absorption
spectrum, preferably one where the absorbance of the analyte is high but still within the
linear range, in a spectral region with a high SNR, and a point with minimal or no overlap
with interfering species. This would provide an (n-1) x1 vector of absorption values,
where n is the total number of samples. Likewise, the variable x would be an (n-1) x 1
vector of concentration values, except that it is augmented with a column of ones (n-1 x 1
in size) to provide an estimated y-intercept. If the x variable is not augmented with this
column, the best fit line will have a y-intercept of zero, and only the slope term parameter
would be estimated by the regression. Calibration is performed as shown in Equation III-
3.

B = (xtx)"lxty Equation I1I-3

The 2 x 1 vector 8 contains the regression parameters. It is important to note that the
order of the parameters in this vector depends on the order of the columns in the x
variable. The superscript “t” represents transposition of the affected variable. Estimated
absorption values can be obtained by multiplying the regression coefficients by the x

matrix as shown in Equation I1I-4.
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y=xp Equation 111-4
Predicted absorption values are contained in the variable ¥, an (n-1) x1 vector. The “hat”
symbol (") is typically used to represent predicted values. Residuals may be calculated
via Equation III-5.

e=y—9y Equation III-5

Prediction
Once calibration has been performed, prediction is executed via what is known as
the “inverse regression”, whereby the regression parameters and experimental y-values
from an unknown are used to predict the corresponding x value, or concentration. Simple

algebraic rearrangement of Equation III-2 provides the inverse regression,

Yy — Bo Equation I11-6
B

where X is the set of predicted concentrations and the residual in the measured value y is

X =

assumed to be zero. Whenever linear regression results are reported in this thesis, the
best fit line is reported as calculated via Equation II1-4 including all samples, but the
CVSERP is calculated by calculating the best fit line from all but one sample, and the

concentration of the sample left out is calculated as described in Equation III-6.

Diagnostics
Several methods may be used to evaluate the quality of a linear regression model.
Non-linear trends in the data may be observed by plotting the residuals (¢) as a function
of concentration (x). Non-linearity will be expressed as curvature of this plot, a
phenomenon which would involve significant deviation of several data points from the
best-fit line. Outliers may be identified through analysis of the “hat” matrix, which may

be calculated using Equation III-7,

H = x(xtx)"1xt Equation III-7
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which is synonymous with Equation III-8:

H=xx* Equation II1-8
where H is the hat matrix and the superscript + denotes a Moore-Penrose pseudoinverse
operation. This holds true because the pseudoinverse of x is equal to (xtx)~1xt.

Diagonal values (referred to as “leverages”) in the hat matrix describe the weight

of each point in the calculation of predicted y-values. Thresholds for weighting may be

calculated using Equations I1I-9 and I1I-10:

1 Equation I11-9
b= Z hy;
i=1
ty = 2p/n Equation III-10

where p is the sum of leverages, n is the number of points in the best-fit line, tj is the
threshold, and h; ; represents a diagonal element of the hat matrix. Equation III-10 may
in some cases include a factor of 3 rather than 2, as no standard has been established for
the use of this method. Elements from the diagonal of H which exceed ty are considered
outliers.

Outliers may also be identified through the exclusion of the sample in question. If
a point is suspected to be an outlier, the CVSEP may be calculated for a series of linear
regression models which do not include the point. The CVSEP values calculated with
and without the point may then be compared using the F-test, a statistical method
commonly used in the comparison of variance. F-values are calculated as shown in

Equation III-11.

F — CVSERy, Equation I1I-11
cale = CVSEP_,

In this equation, CVSEP,, represents the error of prediction calculated with the point in
question, and CVSEP_,, represents the error of prediction calculated without the

questionable point. The error of prediction without the questionable point is assumed to
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be smaller than that produced by the model including the point. The variable F,;.

represents the calculated F-value, which is then compared to a tabulated F-value selected
with the appropriate degrees of freedom at the desired confidence level (95% confidence
used throughout) appropriate for a 1-tailed test. If F.,;. exceeds Fiqp;e, then the variance
of the model with point m is considered to be significantly greater than that of the model
excluding this point, and point m may be considered an outlier. This method is also used

to compare the variance of other quantitative models.

Classical Least-Squares (CLS)

As mentioned previously, linear regression uses a single wavelength point for
quantitation. While this provides straightforward interpretation and evaluation of model
linearity, it is more sensitive to instrumental variance or interfering species than
algorithms which utilize broader spectral ranges. The CLS algorithm is similar to linear
regression in the mathematical process, while providing the benefit of multiple
wavelength points, allowing the production of multivariate quantitative models.*"*
Calibration spectra are the best fit of the points in the selected spectral range, which can
average out some of the adverse impact of instrumental noise. A similar benefit is
achieved in the prediction steps, making this algorithm less sensitive to random variance.
Non-random variance such as baseline curvature or other artifacts should be
characterized and included in the calibration steps if at all possible, as described below.
Wavelength selection may also improve the predictive performance of this model by

selecting spectral regions with a low SNR or regions in which there is minimal overlap

with non-random artifacts or absorption from other species in the sample matrix.

Calibration
Just as the B vector of parameters in linear regression must be identified for
calibration of the model, so must a matrix of parameters be identified for the CLS model.

All spectra used for quantitative analyses reported in this thesis were pre-treated with a
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simple polynomial (1-term or mean) baseline correction method to correct for broadband
signal fluctuations prior to quantitative analysis. As such, only one set of parameters was
identified for each compound, representing the absorptivity of the analyte. This is
analogous to a linear regression in which only one parameter (the slope or sensitivity) is
estimated. With this in mind, the vector of coefficients for each species was calculated as

the sensitivity vector, shown in Equation I1I-12.

S Equation II-12

O

Sensitivity (S, in units of A.U./ppm) is represented by the n x 1 vector, where n is the
number of wavelength points included in the model. The mean analyte absorption
spectrum is represented by A, and the mean concentration is represented by the variable
C. This method is suitable when the number of constituents within the sample is known
and the absorptivity of each is readily calculable. Calibration may also be executed by
performing a linear regression with the spectral data and concentration values, as

. 2
described elsewhere.?”

Prediction
Given the calibration procedure mentioned above, prediction of concentrations in
unknown samples may be performed using a least-squares regression. The regression
equation is shown in Equation III-13.
C=(S'S) 1S Aprea Equation ITI-13
In Equation III-13, S is the sensitivity, or absorptivity vector or matrix produced by
Equation III-12. The variable Ay, represents the spectrum for which the analyte
concentration C is predicted. For convenience, the S matrix may be supplemented with
additional vectors which encode baseline variation, such as a vector of ones for a baseline
offset, or a linear function for a sloped baseline, or even higher-order polynomial

functions.?”
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Diagnostics

Many of the diagnostic tools mentioned in the discussion of linear regression are
also useful in evaluation of CLS models. Outliers may be identified either on the basis of
the change in the CVSEP with inclusion/exclusion of a suspect data set, or by performing
a linear regression of the concentration correlation (predicted vs. reference
concentrations). If a linear regression is performed using the reference sample
concentrations as the x data and the predicted sample concentrations as the y data, the
slope would ideally be unity, and the y-intercept zero. Once a linear regression is
performed, the hat matrix can be used to identify outliers based on leverages. Spectral
residuals may also be obtained by calculating the difference between the predicted
spectrum and the product of the concentration and sensitivity matrix, as shown in
Equation III-14.

Espec = Aprea — (CS) Equation I11-14
The spectral residuals (Ep..) should ideally be predominantly comprised of instrumental
noise.

One benefit of CLS is that it allows simultaneous calibration and prediction of
many components, though the algorithm’s design requires the user to “know” the
components in the sample under study. Species which contribute to the measured
spectrum which are not included in the calibration and prediction steps will introduce
errors, as its features will be fit with the shapes and spectra supplied in calibration. The
magnitude of these errors depends on the magnitude of the spectral features that are not
described by the shapes and spectra in the sensitivity matrix, as well as the spectral

overlap this species has with the baseline shapes and analyte spectra.

Partial Least-Squares (PLS)

This method stands apart from the previous methods for a number of reasons in

both design and performance. Its applications are rather diverse, ranging from
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76-277 46 marketing,”’” business,”’’ and social science applications.?”’

chemometric
Several benefits may be gained from PLS implementation, such as reduction or
elimination of random instrumental variance, decreased data collinearity, and a reduction

in the number of independent variables.?”®

The algorithm does not require the user to
have comprehensive knowledge of background contributors for the generation of a robust
predictive model, though correlation between the concentration of the analyte and the
features of interfering species or the background can adversely impact the predictive
ability of the model. Collinearity may be found in matrices where there is a strong
relationship between variables, and can result in calculation of imprecise regression
coefficients. Several variants of the algorithm have been reviewed in the peer-reviewed
literature.*” The variant described here and used in the reported investigations is known

as PLS1. Unlike CLS, PLSI is only capable of predicting the concentration of one

analyte at a time.

Calibration
Spectral data are first processed via a step known as “mean centering” in which
the mean of the calibration absorption spectra is subtracted from each calibration
spectrum. This vector is also retained for the prediction steps. A similar step is executed
for the vector of concentration values. The covariance matrix is then computed by
multiplying the transpose of the mean-centered spectra by the concentration vector, as

shown in Equation I1I-15.
cov = R'c Equation I1I-15

Mean-centered concentrations are contained in the variable ¢, while the mean-centered
spectral data is contained in the variable R. The covariance matrix, represented by the

variable cov is then used to calculate the loading weights, as shown in Equation I1I-16.

w = cov/||cov|| Equation III-16
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Loading weights (w) may be calculated by dividing the covariance matrix by its
Euclidean norm, as indicated by the pairs of vertical bars.
Scores are then calculated by multiplying the weights by the mean-centered

spectra, as indicated by Equation III-17.
t =Rw Equation II-17
The scores (t) provide a means by which the spectral loadings may be calculated, as
shown in Equation III-18. Note that this equation bears strong resemblance to the
regressions of the prior methods, but in this case involves the scores, making it less
sensitive to collinearity.
pt = (t't)"1t'R Equation I11-18
Spectral loadings (p) may be obtained by performing a linear regression with the scores
and mean-centered spectral data. Spectral information not described by this set of scores
is then extracted as shown in Equation II1-19.
E=R-—tpt Equation I11-19
The spectral information remaining (E) is analogous to the residuals from a linear
regression. Concentration loadings are also calculated as shown in Equation I11-20.
q = (t't) ttc Equation I11-20
The concentration loadings (q) represent the concentration information encoded by the
scores. Residuals may be calculated as with the spectral residuals E, as shown in
Equation III-21.
e=c—1tq Equation III-21
The concentration residuals (e) and spectral residuals (E) obtained to this point are

treated as the concentration vector (¢) and mean-centered spectral data (R), and the

process is repeated for as many latent variables are desired for the model. A vector of
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regression coefficients referred to as the “f -vector” (sometimes b-vector) is required for

prediction, and is calculated from the calibration variables as shown by Equation I1I-22.
g =w(ptw) gt Equation I11-22
The regression coefficients () are analogous to those calculated in the linear regression

method.

Prediction

Prediction using the PLS1 algorithm requires the mean calibration spectrum,
regression coefficients, weights and spectral loadings calculated in the calibration steps.
The spectra for prediction are mean-centered using the mean spectrum from calibration,
and are then used to calculate scores, as shown in Equation I1I-23.

tored = TpreaW Equation I1I-23

The mean-centered spectra for prediction (73,4 ) are multiplied by the weights from
calibration to obtain the scores for prediction (t,,¢q). If more than one latent variable

was used in calibration, this step is performed once for each latent variable, and at each
step the spectral residuals are calculated once again, as shown in Equation I11-24.

Eprea = Tpred — tpreal Equation I1I-24
The spectral residuals (E),.4) are also calculated for each latent variable, and each time
the spectral residuals are re-used for calculation of a new set of scores. Spectral residuals
remaining after scores have been calculated for each latent variable represent the spectral
information that will go un-described by the model. Prediction of the concentration of
the analyte in the prediction spectrum is performed using Equation III-25.

¢ = TpreaB Equation III-25

Multiplication of the regression coefficients by the prediction spectrum produces the
predicted concentration (¢). Further explanation of the algorithm is available

elsewhere. 276 27%- 280
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Diagnostics

One key concern when using PLS is that of “overfitting” in which an
inappropriate number of latent variables is used. This phenomenon may be avoided by a
combination of steps. One valuable “reality check” involves visual analysis of the
spectral loadings included in the model. Each of the selected spectral loadings should
bear some resemblance to the analyte or interfering species. If the loading is dominated
by noise, the number of latent variables should be reduced. The significance of the latent
variables may also be evaluated via the F-test. The error of prediction should be
evaluated with varying numbers of latent variables. If the latent variable in question does
not provide a significant decrease in the error of prediction upon inclusion in the
quantitative model, its inclusion is often not warranted. As with CLS, the spectral
residuals will provide useful diagnostic information.

When evaluating the predictive model for a mixture of samples, a particularly
useful diagnostic tool known as “pure component selectivity analysis”, or PCSA, should
be used.”®?* To perform this analysis, calibration models are developed using the
spectra of the sample mixtures, with one model for each species. Prediction is then
executed for the pure component spectrum of each component in the mixture. This
procedure is carried out in a matrix-like fashion such that each pure component is
involved in calibration (for prediction of all other species) and prediction (from
calibration models developed with interfering species). A linear regression of the
resultant concentrations provides a measure of selectivity. When an analyte is used in
calibration, the prediction of the corresponding pure component spectra of the analyte
should produce a slope of unity for a selective model. When the same calibration data
are used in prediction of interfering species, the predicted concentrations will ideally be
equal to zero, and the slope will likewise be zero. Selectivity of these models has been
demonstrated to be sensitive to correlation between compound concentrations as well as

spectral noise.”*
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Net Analyte Signal (NAS)

While the NAS algorithm can be utilized for quantitative efforts,* ** the
algorithm was utilized in the reported results for determination of multivariate analytical
figures of merit. Analytical figures of merit provide practical measures of the quality of a
quantitative model, though most analytical texts describe the calculation of these
measures in a univariate context. The NAS provides a convenient method for estimation
of these values. Implementation of the algorithm was mentioned briefly in Chapter I and
the calculation of the NAS is described in Equation I-4. Selectivity may be evaluated
quantitatively via the SEL coefficient or qualitatively via the appearance of the NAS

regression coefficient vector, which may be calculated using Equation I11-26.

Buas = NASiun/||NASi ”2 Equation I11-26
When a selective model has been constructed with PLS, the 8 vector of the PLS model
will bear strong resemblance to the NAS regression coefficient (£) vector. Vertical bars
in Equation III-26 denote the Euclidean norm. The relation of the NAS to the measured
signal may be better understood via the graphical representation provided in Figure III-2.
Equation I-5 provides the SEL ratio as proposed by Lorber et al.,* but it may also
be represented by the sine of the angle 6 shown in Figure I1I-2, as shown in Equation III-

27.

NAS - Tun ) Equation II-27
INASgn [l

SELgn = sin(
In Equation III-27, the net analyte signal is represented by NAS,,,, the analyte response
by 1,n, and the selectivity by SEL,,. Like the selectivity ratio described by Equation I-5,
this coefficient ranges from zero to unity, with unity representing complete selectivity,
and zero being representative of no selectivity. Other multivariate figures of merit can be

calculated using methods proposed by Lorber.****” The multivariate error may be

calculated by Equation I1I-28.
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Equation II11-28

£ = \]Tkt(l - R—kRi-k)rk
m-—n

Equation III-28 is used to estimate the error in the projection of the NAS onto the analyte
response, as calculated in the numerator of the fraction. The error of projection is
normalized by the number of degrees of freedom, which is the number of wavelength
elements (m) less the number of interfering species (1) in the R_;, matrix.”®" The error &
for analyte k is thus not only dependent on the number of wavelength points in the
spectral region of interest, but also on the number of interfering species and the
magnitude of their spectral features.*®’

Once the error has been calculated, the multivariate SNR may be calculated using

Equation I11-29.?

rENAS, Equation I11-29

SNR, = ——————
T e INAS |l

Like the error, the SNR (SNR},) of species k is dependent on the composition of the
background. The limit of detection (LOD) may also be calculated using Equation III-
3(.288

LODy, = 3¢, || Bkl Equation I1I-30

The multivariate LOD (LODy,) is equal to three times the multivariate error for analyte k

multiplied by the norm of the regression vector.

Digital Fourier Filtering (DFF)

Many pre-processing methods may be used to enhance spectral features of an
analyte relative to background contributors such as noise or interfering species. As
mentioned in Chapter I, apodization may be used to weight different frequencies prior to
the FFT. These functions will only act as low-pass filters, removing the high-frequency
components which are assumed to consist mostly of noise. However, when working with

gas-phase samples, the time-domain signature of the analyte often extends near the end or
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Figure III-2. Graphical representation of the NAS. The brown line represents the
background contributors and spectral signatures of interfering species, which
are represented by the matrix R_; in Equation [-4. The black line labeled
“measured signal” is the recorded analyte spectrum, represented by the vector
17 in Equation I-4. The NAS, which is the portion of the spectrum that is
orthogonal to the background contributors and interfering species is
represented by the yellow line and the vector NASy, .., in Equation I-4.

beyond the end of the sampled time window, so apodization can result in profound
scarification of spectral features.

A particularly attractive alternative to this type of pre-processing is DFF,*** >
which allows enhancement of discrete spectral frequency components with an infinite

number of possible filter shapes. Digital filtering may be executed starting with Equation
11-31.

DF = FFT(A) Equation ITI-31
In Equation III-31, the experimental absorption spectrum is represented by the variable A,
the FFT algorithm by FFT, and the digital frequency spectrum by DF. In this context,
the absorption spectrum is treated in a manner analogous to the handling of the TDS as
described in Chapter I. Once the digital frequency spectrum is obtained, it is filtered by

convolution with the filter shape as shown in Equation III-32.
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DFsy; = fDF Equation II-32
The digital filter (f) is multiplied by the digital frequency spectrum to obtain the filtered

digital frequency spectrum (DF;;). Following convolution, the filtered spectrum may be
restored to the frequency domain via the inverse FFT, as shown in Equation III-33.
Apye = iFFT(DFpyt) Equation I11-33

The inverse FFT (iFFT) of the filtered digital frequency spectrum produces the filtered
frequency-domain spectrum (A ).

Band-pass filters were applied for all filtering procedures reported in Chapter IV.
This filter type allows a discrete range of frequencies to pass while discriminating against
frequencies outside the band. During optimization, under certain circumstances a set of
parameters would be suggested in which either the low-frequency or high-frequency
cutoffs exceeded the range of possible digital frequencies. In these cases, the filter shape
was converted to a low-pass, or high pass filter, respectively. A Gaussian shape was
included at the cutoff frequency to prevent sharp discontinuity in the digital filter, which
can introduce spurious features in the filtered spectra. The described filter function may

be represented by a series of equations: Equation I1I-34a through Equation I11-34c.

dv < vy [dv — vg]? Equation I1I-34a
f(dV) = exp le
0
vor < dv < vgp f(dv) =1 Equation I11-34b
Vor < dv [dv — vop]? Equation I11-34c
f(dv) =exp v
0

Filter cutoffs at the high-frequency and low-frequency ends of the band are given the
symbols vy, and vy, respectively, and digital frequency is represented by the symbol dv.
Each equation holds under certain conditions, provided to the left of the respective

equation. The filtering process is shown in Figure I1I-3 through Figure I1I-7.
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Figure II1-3 illustrates the THz-frequency absorption spectra of propionaldehyde
vapor at different ppm concentrations with 1 atm overall pressure. The spectra which
appear to be composed of a single broad peak centered near 17 cm™ with a tail extending
out to ~65 cm™ are in fact a dense collection of rotational transitions. Comparatively
sparse features spread across the high-frequency end of the spectrum are the result of
rotational transitions of water vapor, present in minute amounts due to leakage and
hygroscopicity of the aldehyde. The spectrum is predominantly noise at frequencies
above 100 cm™. Digital frequency spectra of the absorption spectra in Figure III-3 are
displayed in Figure I1I-4, illustrating the rich frequency content of the absorption spectra.

The band-pass filter is shown in Figure III-5, which is applied to the digital
frequency spectrum in Figure I1I-4 to produce the filtered digital frequency spectrum
shown in Figure I1I-6. Note the near-zero magnitude of digital frequencies beyond the
high-frequency cutoff (vyy). The inverse FFT of the filtered digital frequency spectrum
produces the filtered frequency-domain absorption spectrum in Figure III-7. High
frequency components of the spectra have been eliminated, as evidenced by removal of
the water vapor absorption features, as well as some degree of de-noising. In some cases,
depending on the digital frequency range passed by the filter, the filtered spectrum may
contain shapes which were not present in the unfiltered spectrum, such as the troughs
which are now present on each side of the strongest absorption bands of propionaldehyde
near 0 —7 cm™ and 20 — 40 cm.

Optimized filter conditions may sometimes induce changes of this sort in the
spectrum, or remove low-frequency content which is known to be related to the analyte.
Whatever the case, these filter conditions are selected because they improve the
predictive performance of the respective quantitative model. The ultimate benefit of this
pre-processing method is that it provides a method by which spectral variance not
associated with the analyte may be selectively removed. In every instance, the filter was

implemented with a standard deviation of 3 data points, or a digital frequency of
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0.0007324 at the cutoff frequency. This value is small enough to provide efficient digital

frequency discrimination without being so narrow that spurious features are introduced in

the filtered spectrum.

Absorbance (A.U.)

. . | AL
0 20 40 60 80 100 120

Wavenumbers (cm'l)

Figure I1I-3. The absorption spectra of propionaldehyde samples at ppm concentrations
at one atmosphere overall pressure.

Normalized Magnitude (A.U.)

0 0.1 0.2 0.3 0.4 0.5
Digital Frequency

Figure I1I-4. The normalized digital frequency spectra of the propionaldehyde spectra
shown in Figure III-3.
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Figure III-5. The digital filter function. Low-frequency constituents will be retained,
whereas digital frequencies above ~0.015 will be removed.
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Figure I1I-6. The digital frequency spectrum following convolution with the filter
function.
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Figurelll-7. The filtered absorption spectra obtained from the inverse FFT of the filtered
digital frequency spectra shown in Figure I11-6.

Nelder-Mead Simplex (NMS)

When implementing quantitative models, pre-processing methods and wavelength
selection (for multivariate methods) will often provide improvement in the predictive
performance of the model, typically through the elimination or avoidance of non-analyte
variance (as mentioned previously) such as noise or interfering species. Optimization of
parameters used in pre-processing (such as filter cutoff frequencies) as well as those used
for the quantitative model (such as the wavelength range or number of latent variables
used) is thus warranted.

The effect of the parameters may be comprehensively investigated using a method
known as the “grid search” method in which all combinations of parameters are
examined and those which produce the error of prediction nearest the minimum are
selected. Such a method becomes computationally prohibitive as the number of

parameters is increased. For example, consider the samples discussed in Chapter IV
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which represent mixtures of 8 components at various overall pressures. A total of 100
samples were prepared and analyzed. If 40 wavenumber points may be selected for the
lower and upper bounds of the spectral region used for quantitation and digital filtering is
used, introducing another 10 points for each of the digital filter cutoff frequencies (low
and high), a total of 40 x 40 x 10 x 10 or 160,000 cross-validation procedures must be
carried out. Remember also that the leave-one-out cross-validation process means that
PLS calibration and prediction will occur 100 times for each set of parameters (given 100
samples), and the appropriate number of latent variables must also be determined (up to
20 maximum). Given these additional factors, the total number of PLS calibration and
prediction events would be 100 x 20 % 160,000 or 320 million calibration/prediction
steps. The need for alternative optimization procedures is thus obviated.

Enter the Nelder-Mead simplex algorithm, an optimization program reported by J.
A. Nelder and R. Mead in 1965.°' The program itself is mathematically simple: all steps
at most require basic math operations and determination of a mean value. Optimization
begins with the evaluation of a user-defined function at n+1 (or more) initial guesses,
where n is the number of parameters being optimized. For example, in the case of
wavenumber selection two parameters are optimized, so a minimum of three initial
guesses must be provided. In the context of the reported optimizations, the function
evaluated at each step is the PLS cross-validation of the gas-phase sample spectra, so the
function value returned is the CVSEP. The simplex algorithm is thus designed to seek a
minimum CVSEP, providing the highest accuracy quantitative model. Once the function
has been evaluated at the conditions provided in the initial guesses, the resulting function
values are ranked.

From this point on, five types of steps may be used to move the tested conditions
towards those which provide the optimized value, referred to as reflection, expansion,
outside contraction, inside contraction, and shrink. The size of each step is decided by

the user, and is input to the simplex algorithm in the form of four coefficients: the
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reflection coefficient (p, greater than 0 and less than the expansion coefficient),
expansion coefficient (y greater than 1), contraction coefficient (y, O to 1), and shrinkage
coefficient (o, 0 to 1). A coefficient of shrinkage is not included in the algorithm
described by Nelder and Mead, but provides an additional parameter by which the
simplex algorithm’s search may be controlled. The steps taken by the simplex algorithm
are described in the following list.
1. Evaluate function at (at least) n + 1 initial guesses
2. Sort resulting values
3. Calculate mean of n + 1 best conditions ()
4. Calculate reflection conditions (x,., Equation III-35)
a. evaluate function at x,- (f;)
b. if £, is greater than the best value (f}s;), but less than the n + 1™
best value (f;,41), X;- is accepted, return to step 2
c. if fr < fpest» proceed to step 5

d. if f41 > fr = fr, proceed to step 6

@

if f, = fn41, proceed to step 7
5. Calculate expansion conditions (x,, Equation I1I-36)
a. evaluate function at x, (f,)
b. if f, < f,, accept x,
c. if f, > f,, accept x,-
6. Calculate outside contraction conditions (x.,, Equation I1I-37)
a. evaluate function at x., (fz,)
b. if f., < f,, accept x., and return to step 2
c. if f., > f, proceed to step 8
7. Calculate inside contraction conditions (x.;, Equation II1-38)
a. evaluate function at x.; (f;;)

b. if f;; < fni1, accept x.; and return to step 2
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c. if f.i > fns1, proceed to step 8
8. Calculate shrunk conditions (x; 4, Equation III-39), where a is equal to the
1 through n+1 best points
a. evaluate function at xg , (f5,4)
b. return to step 2
These steps are also available in a concise format provided by Lagarias and

292

colleagues.””~ The equations used to determine the conditions for each step are provided

in Equation III-35 through Equation II1-39.

Reflection Xp =X+ p(X — Xp41) Equation III-35
Expansion Xe =X + x(x, — ) Equation I1I-36
Contraction (outside) Xeo =X +Y(x, — %) Equation I1I-37
Contraction (inside) Xei = X —Y(X — Xpy1) Equation III-38
Shrinkage Xsq = X1+ 0(xg — x1) Equation I1I-39

The algorithm used in optimization of the reported quantitative models varies
only slightly from that reported by Lagarias in that the values at the shrunk conditions
were sorted with all other function values, whereas Lagarias prescribes the use of the
shrunk conditions as an exclusive new set, which are not sorted with previous function

292
values.”

This variation is reflected in the list provided above. The simplex was also
implemented with constraints that would prevent evaluation of the function value outside
possible parameter values such as unrealistic wavenumber bounds or negative digital
filter frequencies.

Optimization was also performed without a set of termination criteria. Nelder and
Mead report the use of criteria which, if achieved during optimization, will result in

291

termination of the algorithm.”" Instead, a set number of iterations were allowed for

optimization. Given the previous example of the number of calibration/prediction pairs,
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consider a case where the NMS is used in optimization with 100 iterations. At most,
given 100 iterations, 1 million calibration/prediction steps would be taken (100 iterations
x 20 latent variables x 100 samples x 5 simplex steps). If the simplex does not proceed
to the shrinkage step with each iteration, the total number of calibration/prediction pairs
could be far less. This is a prime benefit of optimization algorithms, explaining why the
NMS is reported for a variety of optimization tasks.**?* 1t is easy to imagine
confinement of the simplex within a “local minimum”, which is only an optimal value
with respect to the nearest points. The goal of the NMS is to reach a “global minimum”,
which represents the optimal set of conditions of all possible combinations. In the
reported work, efforts were made to provide a broad set of initial guesses to prevent local

confinement.

Levenberg-Marquardt Algorithm (LMA)

Reported peak fitting results were generated via non-linear least-squares
regression using the LMA, which is a modified form of the Gauss-Newton search

d***3%" (considered a Taylor series method*) has a

method. The Gauss-Newton metho
tendency to take large steps in its approach to suitable solutions, and so the algorithms
often fail to converge.’®® An alternative to Taylor series methods is the steepest-descent
method, but these algorithms tend to be plagued by the opposite problem: the sizes of
steps towards the solution tend to be small, causing slow convergence. Donald
Marquardt reported an improved variant of Levenberg’s algorithm®” which is able to
simultaneously evaluate the appropriate step direction and step size during operation.*®
Madsen et al. provide an accessible description of the LMA and its place amongst
alternative non-linear least-squares methods.>**

The LMA includes some elements which are familiar to analytical chemists. A

least-squares regression is incorporated in the algorithm, though it is utilized in an

iterative fashion, as the algorithm is designed for problems which are not linear with
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respect to parameters, a condition which is met by the problem of peak fitting. Initially,
several starting parameters must be selected by the user to enable the LMA to rapidly
approach the solution. Since the LMA was used for peak fitting, initial guesses consisted
of peak positions (center frequencies), peak heights, and peak widths. A parameter
known as the “lambda multiplier” (v) was implemented for adjustment of the step size, as
well as a variable known as the Levenberg parameter (7) which scales the initial step
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size.” The algorithm proceeds with calculation of the Jacobian matrix, as shown in

Equation II1-40.

_f&®) - f(x+p) Equation I11-40
p

Jij

The Jacobian matrix J is calculated by evaluating the function f at a set of parameters x
for all observations (resolution elements) i for each parameter. In the case of peak fitting,
the function is that of the expected line shape (to be described in Chapter IV). The
parameter x; is perturbed by amount p, which results in a numerator which describes the
change in the function as a result of p, and is ultimately normalized by the value p. All
parameters other than j are not perturbed. In terms familiar to analytical chemists, the
Jacobian matrix resembles something like a collection of sensitivity spectra for various
analytes.

At the start of the LMA, step size is calculated by determination of the Hessian
matrix, which may be determined using the Jacobian calculated in Equation I1I-40.

Equation III-41 describes the calculation of the Hessian matrix.
H=]Y Equation I1I-41
The Hessian matrix (H) is a square matrix with of size m x m, where m is the total

number of parameters. Once again, the superscript t represents transposition. Initial step

size may be determined using Equation II1-42.

pu = tmax(h;;) Equation I11-42
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The step size u (often represented by the variable 1°°* %) is the product of the Levenberg
parameter T and the maximum diagonal element (h;;) of the Hessian matrix.
Once the step size has been determined, a set of perturbations (d) is determined

using a least-squares regression, as shown by Equation I11-43.

d=— (]t] n W)_ljt (Aexp _ f(x)) Equation I11-43

Though it may not be apparent at first glance, the portion (J¢/)~1Jt of Equation I11-43 has
the same structure as the least-squares regressions of Equation III-3, Equation III-13,
Equation III-18, and Equation III-20. The m term weights the regression,
providing control of the step size, representing the square root of the step size parameter
multiplied by the identity matrix I, multiplied in an element-by-element fashion by J!/.

In this manner, the “sensitivity spectra” of the Jacobian matrix J are iteratively fit to the
residuals between the experimental spectrum A.,,, and the modeled spectrum f(x).
Published accounts often include the identity matrix in place of the Hessian in the
weighting term \/W ;202394393 byt the Hessian should provide parameter-specific
weighting, as different parameters will produce changes of differing magnitudes. Mor¢é
also indicated that the matrix used in the weighting term may be any non-singular
matrix.*”

Given the steps above, the LMA will converge well, but a metric must be

implemented to help speed or stop the progression of the algorithm. The gain ratio (p)

meets this need and may be calculated with Equation I11-44.

Equation I11-44
e - )’ o

1
5d'(ud — g)

p

Perturbations calculated via Equation III-43 are added to the original parameters x and
used to provide a new modeled spectrum f(x + d). The gradient (g) is calculated via

Equation III-45.
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g =) (Aexp — fx + ) Equation I11-45
If the gain ratio (p) is greater than 0, the step size parameter ([) is decreased

cither by a factor of one third, or by 1 — (2p — 1)3, whichever is the larger of the two
values. This means that the LMA is approaching the solution, so the step size is
decreased. However, if the gain ratio is less than one, the step size parameter is
multiplied by the lambda multiplier, the lambda multiplier is increased by a factor of two,
and the fitting process is repeated. This process provides larger step sizes with the goal
of moving towards the solution at a faster pace. At any point during the operation of the
LMA, its progression may be halted based on different criteria such as thresholds for the
minimum perturbation, minimum standard deviation between the modeled and
experimental spectra, or any other number of conditions. A clear outline of steps in the

LMA was provided by Madsen.’*
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CHAPTER IV
THEORETICAL BASIS FOR THZ SPECTRAL FEATURES OF
GASEOUS SAMPLES

Background

As mentioned in Chapter 1, the absorption of THz-frequency radiation by gaseous
species results in promotion of electrons to an excited molecular rotational state. Table
IV-1 provides a comparison of several spectral ranges with the associated frequencies,
wavelengths, photon energy, and transitions. The energy associated with rotational
transitions lies below those of vibrational or electronic transitions, but above electron and
nuclear spin transitions. A simplified energy diagram is provided in Figure IV-1
illustrating the relation of the transitions listed in Table IV-1. Electron and nuclear spin
transitions are excluded from this diagram to improve readability. In Figure IV-1,
upward movement corresponds to an increase in energy or absorption event, while
downward movement represents a decrease in energy, emission, or non-radiative
relaxation event. Various molecular properties affect the spacing and population of each
of these states, as will be discussed in the following sections. The theoretical basis for
these features has been described in great depth over the years by the likes of Townes and
Schawlow,’” Gordy and Cook," Sugden and Kenney,’®” and Wollrab.**® Kroto

published an overview of the theory,*® from which much of the cited material is derived.

Molecular Structure

Spectral features observed in the MW and THz regions are heavily influenced by
molecular composition and structure because these characteristics impact molecular
rotation. As such, it is important that several parameters related to molecular structure
are discussed before delving into related theory. A key parameter which affects the peak
positions related to each transition is the molecular moment of inertia. The moment of

inertia is a numeric representation of the distribution of massive bodies at some distance
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from the molecule’s center of mass, shown for the case of a simple diatomic molecule in

Equation IV-1.

nmy =1r,m, Equation IV-1
Distances from the center of mass are represented by r; and r,, and the masses of the
atoms are represented by m; and m,. If the total distance between the two bodies is

described by Equation IV-2,

r=r+rn Equation [V-2

and by solving for r; and substituting Equation IV-1 into Equation IV-2, the result is

Equation IV-3.

Equation IV-3

Table IV-1. Comparison of approximate frequency, wavelength, energy and transitions

associated with various spectral ranges.

Ss::cgr:l Fre((q:f)ncy Wav((erLe)ngth (E?/?;%\T) Transition Type
y - rays 10%°%-10"° 1010 10’-10° ionization
X - rays 10'°%-10"° 10%-10™ 10*-10’ ionization
ultraviolet 10"-10"° 10°°-10® 10%-10° electronic excitation
visible 10'*-10" 10°-10°° 10*-10° electronic excitation
NIR 10™.10%45 107510 105102 bond viat);zti)ovrleisgrr:;l:))ination
Mid - IR 10*-10* 10°-10°° 10'-10"° | bond vibration (fundamental)
Far - IR 1012104 10%-10° 10°-10" bond torsion,' molecular
rotation
THz 10°-10% 10*-10* 10%-10° rotation, inversion
MW 107°-10" 10%-10%° 103-10* rotation, inversion
Radio <10"” >10™ <10° electron, nuclear motions
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Figure IV-1. Simplified molecular energy diagram. Electronic states are indicated with
the letter E, vibrational states are represented by v and rotational states with
the letter J. Other vibrational and rotational states can exist above E; and
rotational states of a lower vibrational state may surpass the next excited
vibrational state, but these are excluded to avoid clutter.

Equation IV-3 can be rearranged to solve for the distance from the center of mass to atom

number 2, as shown in Equation IV-4.

r, = (L) r Equation IV-4
m; +m;

If a similar substitution and rearrangement is performed, the distance to atom number 1
can also be determined. The moment of inertia for a rigid rotor is described by Equation

Iv-5310

] = z mr? Equation IV-5
The product of the mass m and distance r squared is summed for each atom in the

molecule to obtain the moment of inertia, I. In the case of a diatomic molecule,

calculation of this value is trivial, as shown by Equation IV-6.
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| = (ﬂ) r2 Equation IV-6
my +m,

As the molecule becomes more complex, this equation is expanded to include the other
masses and distances. Molecules which are not totally symmetric in two of the
dimensions will also have moments of inertia in those other dimensions. Moments of
inertia are typically given designations based on the magnitude of the moment: I, is the

smallest, Ig the intermediate, and I the large:st.307

Classes of Molecules

As mentioned previously, molecular structure plays a significant role in the
appearance of MW and THz gas-phase spectra. Molecules undergoing rotation, often

referred to as “rotors” fall into four general categories of geometry":
1) Spherical tops - [ =Ig = Ic
2) Linear molecules - I, =0, Ig = I¢
3) Symmetric tops
a. prolate - [, <Ig=1Ic
b. oblate - I, =1 <I¢
4) Asymmetric rotor - [ <Ig <I¢

Acetonitrile, when un-deuterated or triply-deuterated is classified as a prolate
rotor, under the same constraints, ammonia is considered an oblate rotor, and the
remaining six molecules of interest are classified as asymmetric rotors, as well as the
singly or doubly-deuterated isotopes of ammonia and acetonitrile. The A, B, and C
designations also represent molecular rotational constants, shown in Equation IV-7

through Equation IV-9.*"!

B h? Equation [V-7
8wz,
_ h? Equation IV-8
8wzl

h? Equation IV-9

~ 8n?l,
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In these equations, h represents Planck’s constant, and I represents the moment of inertia
for the respective axis. The molecular constants are typically reported in terms of energy
or frequency (GHz, cm™, etc.). Most authors avoid quantum mechanical descriptions of
the rotational motion of asymmetric rotors due to the complexity of the theoretical
models. Their description is attempted here due to their prevalence both in nature and in
the species of interest.

De Lucia has illustrated the effect of these parameters on the spectral features
observed for symmetric tops.>'* In general, the center of the distribution of absorption
peaks moves toward lower frequencies as these parameters increase, the width of the
group of peaks decreases, the number of observed rotational transitions also increases,
and the absorptivity is diminished as the molecular parameters decrease in magnitude.’'?
This trend corresponds with an increase in the moment of inertia, i.e. an increase in mass

. .. 1
or molecular size. Similar trends were observed by Harde'*®

using a THz-TDS to study
rotational spectra of methyl halides, as mentioned in Chapter I.

A set of three quantum numbers is traditionally used to describe rotational energy
levels, indicated by the letters J, K, and M. Unless otherwise noted, the values of J can
range from zero to positive integers, and K and M can be any integer value between +J,
including zero. Rotational quantum number J represents the angular momentum of the
molecule, K represents the projection of the angular momentum on the internal figure
axis, and M represents the projection of the angular momentum on a laboratory-fixed z
axis. As moments of inertia change from one molecule to another, this changes not only
the classification of the molecule but also the projection of the angular momentum on the
two axes, thus changing the energy levels accessible by each molecule. Figure IV-2

illustrates the relationship of the vector representation of these quantum numbers in an

arbitrary molecule.
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LF-z
IFA

T M

Figure IV-2. Relationship of rotational quantum numbers K and M to angular
momentum quantum number J. The internal figure axis is indicated by the
acronym IFA, and the laboratory-fixed z axis is represented by the acronym
LF-z. As the orientation and magnitude of the angular momentum quantum
number J changes, so do the values of the K and M quantum numbers.

Peak Positions
Various forces acting both within and without the molecule can affect the position
and number of absorption features observed for a given species. Molecular structure
plays the most significant role in the energy levels of rotational transitions. Other less-
pronounced forces can act on the molecule to split energy levels into two or more
closely-spaced transitions. As such, expected peak positions will be described in the
context of the symmetry classifications described previously, followed by a brief

overview of the less-significant contributors.
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Spherical Top
Ordinarily, spherical tops do not exhibit rotational spectral features, owing to their
symmetry. Symmetry of this sort prevents the molecule from possessing a permanent
dipole moment, as the individual dipoles are equal and in opposing directions. The same
is observed with the moments of inertia in such molecules. Under certain conditions,
rotational spectral features have been observed for molecules of this category as a result
of distortion of the molecular structure.*'® Rotational energy levels accessible by this

category of molecule are described by Equation IV-10>":

EJK)=BJJ+1) Equation IV-10
where E is the energy of the state associated with the rotational quantum numbers J and
K, and B is the molecular constant described previously. E is expressed in the same units
of energy assigned to the molecular constant B. Each of these energy levels is 2J+1-fold

degenerate for both K and M states.*”

The equations for the energy levels are derived
from the Hamiltonian of the molecule, but the construction of this matrix is beyond the
scope of this chapter. Please refer to one of the sources cited in the introductory

paragraph for a complete description of the determination of components of the

Hamiltonian.

Linear Rigid Rotor
Energy levels for rotational transitions of linear rotors may be calculated using an

equation similar to that of the spherical top, shown in Equation IV-11.2%

E(J)=BJ(J+1) Equation IV-11
The selection rules for linear rotors are AJ=t1, AK=0, and AM=0, 1 3% Because AK=0,
the calculated energy levels are non-degenerate with respect to K states, but remain 2J+1-
fold degenerate with respect to M.’® Under ordinary conditions (excluding vibrational

distortion and other splitting mechanisms), the rigid linear rotor absorbs frequencies with
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very regular and predictable spacing, as illustrated by Kroto. If other distorting effects

are neglected, the spacing is equal to even multiples of the B molecular parameter.*®

Symmetric Tops
The rotational spectra of symmetric tops are more complex than those of linear

molecules. Energy levels associated with these transitions are described by Equation IV-
12 (for the prolate rotor) and Equation IV-13 (for the oblate rotor).

E(,K) =BJ(J + 1) + (A — B)K? Equation IV-12

E(J,K)=BJJ+1)+(C—-B)K? Equation IV-13
One can see from these equations that for both classes of molecules, the calculated
energy level is doubly degenerate with respect to K when K # 0. When K is equal to
zero, the resultant energy levels are non-degenerate. Each energy level is also 2J+1 fold
degenerate in M quantum numbers. Due to the ranking of the respective moments of
inertia, the energy of the rotational transitions decreases with an increasing absolute value
of K for the prolate rotor, whereas the spacing increases with increasing absolute value of
K for the oblate rotor. The presence of non-degenerate energy levels provides what
appears to be a more complex spectrum, as different values of the K quantum number
now produces a distinct transition, even when the J quantum number remains unchanged.
Kroto provides a clear explanation for the degeneracy of the K # 0 states in that a change
in the sign for the K value represents a change in the direction of spin,>”” but this does not
affect the energy of the associated transition. Selection rules for symmetric rotors are AJ
=0, +1 and AK = 0.>” A generic diagram of the relative spacing of such transitions is

provided in Figure IV-3.
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Asymmetric Rotor
Determination of energy levels for rotational transitions of asymmetric rotors is
far more complex than for spherical, linear, or symmetric rotors. Ray’s asymmetry

parameter must first be calculated using Equation IV-14.

K = M Equation IV-14
- A-C

In this equation A, B, and C are the molecular constants and « is the asymmetry
parameter. Values near -1 indicate a near-prolate symmetry, while values near 0 indicate
a high level of asymmetry, and values near 1 represent near-oblate symmetry. The
energy levels can be estimated based on the expectation values, shown in Equation IV-15

through Equation IV-18.

E = A(J) + B{3) + C(yE) Equation IV-15
where
1 0Ej;(x) Equation IV-16
U3 =310 + D + B0 - e+ DL )
2 dx
U2y = [aE]r(K) Equation IV-17
B dk

- 0 Equation TV-18
ey = E[](] +1) —E () +(k—1) %] quation

The expectation values are averaged across the eigenfunctions for asymmetric
rotors and provide a set of values useful for the determination of other molecular
parameters such as intensities, centrifugal distortion, and quadrupoles.’®” Tabulated

314,315
77> are often used, as

values reported in the scientific literature for the matrix Ej;(k)
mentioned by Kr0t0,309 Sugden,3 07 Townes,3 % and Gordy.13 The variables A, B, and C
are the molecular constants, and E contains the energy levels of the asymmetric rotor.
Other methods may be used to calculate the expected transitions for these molecules,

though it is important to note that some models are only accurate for low values of J.**
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Selection rules are dependent on the molecular structure and dipole moment vectors of

asymmetric rotors, and may be determined using a procedure described by Kroto.*”

4 /_/ 4
N
3 /_/ 3
N
J /_ J
2 P 2
N
1 O 1
N
0 0
0 1 2 3 0 1 2 3
K| K|

Figure IV-3. Examples of rotational transition energy diagrams for prolate symmetric
rotors (left) and oblate symmetric rotors (right) for different J and K quantum
numbers. Note that the x-axis is the absolute value of the K quantum number.
The energy levels of a linear rotor may be represented by the levels of the K =
0 transitions.

In this class of molecules, a transition of AJ = -1 can still result in the absorption of
electromagnetic radiation, as some (J+1) states may be of lower energy than some J

states.>"’

Other Contributors

As mentioned in the literature overview in Chapter I and illustrated in Figure I[V-

1, the rotational spectra of species may also contain rotational absorption features of
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molecules in excited vibrational states. These vibrational states can be characterized by
various motions such as stretching, bending, scissoring, or torsion. The first three of
these motions tend to be observed in the near and mid-IR regions, whereas the latter is
often observed in the far-IR region. A ratio of the expected relative intensities may be
determined by estimating the number of molecules in the excited vibrational state(s) vs.
the number of molecules in the ground vibrational state using the Boltzmann distribution,

shown in Equation IV-19.

Ne 8e AE Equation IV-19
= (-

No g

The difference in energy between the excited (subscript ¢) and ground (subscript 0) is
represented by AE, Boltzmann’s constant is represented by k, the variable T represents
the temperature in Kelvin, g represents the degeneracy of each state, and N represents the
number of molecules occupying each state. At elevated temperatures, a greater number
of species will be found in an excited vibrational state, according to Equation IV-19.

Several other characteristics of the molecule will affect the position and number
of observed spectral features. A phenomenon known as “centrifugal distortion” is known
to affect peak positions as a result of altered bond length. To this point in these
explanations, the rotors have been treated as rigid bodies, simplifying the description of
the observed features. In reality, when rotational transitions can occur when the bonds of
a molecule are not at their equilibrium lengths, which results in slight changes to the
moments of inertia. The distortion constant is the molecular parameter which describes
this effect, often represented by the capital letter D. Equation IV-20 provides an example
of the calculation for the change in energy levels associated with rotational transitions of
a linear rotor.>"!

AE(J) =2B,(J + 1) — 4D, (J + 1)3 Equation IV-20
The distortion coefficient is represented by the variable Dy, which is

representative of the bond strength. For small values of D, the deviation from the rigid
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rotor approximation is small, indicating a strong bond. When values of D are large, the
deviation from the rigid rotor approximation is great, indicating a very weak bond. For
rigid bonds, it is difficult to experimentally determine the distortion coefficient(s) using
lower frequencies because the deviation from the theoretical position is miniscule.*"!
Strandberg has also described the phenomenon and characterization of its effect on the
spectral features of various gaseous species.'®
Rotational spectra are said to contain “fine structure” as well as “hyperfine

structure”. Molecular rotational transitions are split into multiple closely-spaced
transitions by electronic and nucleonic spin.”'' Kroto describes four distinct splitting
phenomena related to electronic motion and spin: spin-orbit coupling, spin-rotation
interaction, spin-spin interaction, and A-doubling. The energy of spin-orbit coupling is a
product of the electronic angular momentum and the electron spin angular momentum, as
shown in Equation IV-21.

Es_, = AL.S, Equation IV-21

The electronic angular momentum is represented by L., and the electron spin

angular momentum is S.. The variable A is the spin-orbit coupling constant, a quantity
both calculable and amenable to experimental determination.’” Spin-orbit coupling
energy is represented by the variable Eg,. Spin-rotation interaction is the result of
electrons orbiting nuclei and molecules at a distance, which forms weak magnetic
fields.”” These interactions tend to be most important at high rotational levels.’” Spin-
spin interactions are more significant at low rotational levels, and tend to be observed in
molecules where electronic spin is aligned along the internuclear axis.”> A-doubling is
caused by coupling of electronic angular momentum to the molecular axis, but is

relatively rare as there are few stable molecules which have ground states with electronic

moments. 13
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Peak Magnitude

. . . ... 13. 30
The magnitude of absorption features, often referred to as “intensities”' %%

can also be estimated with knowledge of the molecule’s structure and composition. The
term “intensities” is often used to represent the magnitude of spectral features as a result
of absorption or emission, though features reported in this thesis are only the result of
absorption events. As mentioned previously, spherical tops only undergo rotational
transitions when the molecule is distorted, though once distorted the molecule can then be
classified as a symmetric top so explicit definition of absorptivities for these molecules is
unnecessary.

In general, the absorption coefficient may be calculated for rotational transitions

using Equation IV-22.

8m3 (Nm N, Equation IV-22

(w) = g0 (- g—) [(nulm)|2S(w, 02o)

This equation illustrates the dependence of the rotational transition on the change in the
dipole moment of the molecule between the n (excited) and m (lower) states, represented
by |{n|p|m)|, referred to as the dipole moment matrix.** As with Equation IV-19, the
variable N represents the population of each state, and g represents the degeneracy of
each state. The frequency of the radiation is represented by the variable ®, the speed of
light by ¢, Planck’s constant by h, and the absorptivity by €. The line shape function is
represented by S(w,my), which is a function of the frequency of the electromagnetic
radiation as well as the energy of the transition in terms of frequency, represented by w.
This is often referred to as the “resonant frequency” of the transition, and represents the
frequency at which the maximum absorption is observed for a given transition. Different
line shapes will be described in greater detail. The absorptivity may also be determined
as a function of the rotational quantum numbers, as described in the following

paragraphs.
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For linear molecules, the absorptivity of a given transition may be represented by

Equation IV-23.

N wZBg() Equation IV-23

2
— 1
Aoy T2 Gy wd+1)

812 rh
&in(@o) = 5~ [E] afy
Here, the absorptivity, €jn(o) is determined at the resonant frequency, as this
corresponds to the discrete energy spacing of the transitions described by the K quantum
numbers. N represents the concentration of the absorbing species in units of molecules
per cm’. Isotopic abundance (as mentioned in Chapter I) is represented by the variable a,
representing a fraction between 0 and 1. The fraction of molecules in the particular
vibration state is represented by f,, as the possible rotational transitions are specific to
each vibrational state (also mentioned in Chapter I). The dipole moment is represented
by p, in units of Debye. Gjrepresents the degeneracy of states resulting from spin
(gi(K)), and gi(J) represents the degeneracy of the rotational state. The absorptivity is
normalized by the peak width (Awy), as the intensity at the resonant peak is diminished
by spectral broadening. B is the molecular constant, T is the temperature (in K), k is
Boltzmann’s constant, and J is the angular momentum quantum number.
Symmetric tops exhibit non-degenerate transitions of K quantum numbers, which

complicates the calculation of the respective absorption coefficient, shown in Equation

IV-24.

82 Equation IV-24

3ck

1
h? /Zf N, BAY2g(K) ,(+1)% —K?
k| hwe O, G ¢ J+1

Esym (wg) =

A is the molecular constant derived from the respective moment of inertia, and K is the
internal figure axis quantum number. Various substitutions may be made to simplify
Equation IV-24 as described by Kroto,”” but it is provided in this form for comparison
with Equation IV-23.

Absorptivities of asymmetric rotors may be determined using Equation IV-25.
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1 .
w2 (ABC)72 g;(JKAKp) ) ) Equation IV-25
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Easym(Wp) = (3.8 - 1071)af,,

The constants at the start of this equation are condensed for simplicity. The molecular
constant C is used in calculation of the absorptivity, as well as tabulated values for A,
values which were made available in a series of publications.*'’>*! Comprehensive

. . 9
derivations of these equations can be found elsewhere.*

Spectral Broadening

Spectral absorption features are broadened by several contributors. The first and
smallest of the contributors is what is known as the “natural line width”. All rotational
absorption peaks will contain broadening of this type, which is the result of finite
lifetimes of the excited states.'” Natural line widths may be estimated using Equation IV-

26.

32m3 3 ) Equation IV-26
~ gpo3 Vmal(mlpin)]

Av
Line width (in Hz) is represented by the variable Av, and the frequency of the transition
by vmn. The dipole matrix element is represented by the variable (m|ujn). Spread of
energy for the state in question is also dependent on the number of states below the
excited state to which the molecule may relax. In this case, the natural line width may be
represented by a sum of dipole moments and frequencies for each relaxation event, as

shown in Equation V.07 306,308,322

32n3 5 2
v > v GmlulD)|

i

Equation IV-27

The summation is performed across all 1 states to which the molecule might relax from
state m. Natural line widths are expected to be on the order of 10™"%to 10*#%:**2 Hz,
widths which would require unprecedented spectral resolution to determine

experimentally.
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Another contributor to line broadening is a phenomenon known as Doppler
broadening, which is typically observed under low pressures. This is observed as a result
of most absorbing molecules having some component of their velocity which is parallel
to the direction of propagation of the electromagnetic radiation produced by the
instrument. For example, when a molecule is moving away from the source, the light
reaching the molecule seems to have a lower frequency than that which is required to
induce a rotational transition. This molecule will absorb a photon of slightly higher
frequency than expected. Conversely, a molecule traveling toward the source will
encounter light which seems to have a higher frequency than that necessary to induce the
same transition. In this case, the molecule will absorb a photon of lower frequency than

expected. The HWHM of the transition may be calculated using Equation IV-28."%3%

308, 322

1/, Equation IV-28

v (2NkT
Av=—( an)
c\ M

The HWHM (Av) is proportional to the transition frequency v. Spectral features are also
broader at higher temperatures (T). In Equation IV-28, the variable ¢ represents the
speed of light, and k is the Boltzmann constant, N is Avogadro’s number, and M is the
molecular weight of the species. Under these conditions, the observed spectral peak will
take the shape of a Gaussian distribution, with a HWHM around 40 kHz.**®

Parsons and Roberts examined the contribution of Doppler broadening to
microwave spectral features, and found that failure to account for Doppler broadening
could produce errors in self-broadening parameters of as much as 1% and around 8% for
calculated collision cross-sections obtained from the analysis of the spectrum of
ammonia.’” Gordy suggests a measurement geometry in which the sample vapor is

sprayed at an angle which is orthogonal to the direction of microwave radiation

propagation.” In doing so, the velocity components of the molecules under analysis
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which are parallel to the beam path will be reduced, producing spectra with decreased or
eliminated Doppler broadening."

The last of the broadening phenomena most pertinent in the experiments
described in this work is collisional broadening. This phenomenon includes three distinct
subgroups, though not always described in this fashion in scientific literature. Weakest
of the three is “wall collision broadening”, which is observed as a result of the absorbing
molecules colliding with the walls of the sample cell used for analyses at very low

322

pressures (~1 x 10 atm®*?). The HWHM as a result of this phenomenon may be

estimated using Equation IV-29.
A ( RT )1/2 Equation IV-29

V= 20V \2nm
The surface area of the cell is represented by the variable A, while the volume is
represented by V, and R is the gas constant. This phenomenon is expected to provide a

spectral peak width of approximately 10 to 15 kHz.**®

Though samples analyzed in this
work were not analyzed under such low pressures, this effect is still worth mentioning, as
it falls in the same category as the most significant broadening effects.

The remaining two effects are known as self-broadening and foreign-gas
broadening. Self-broadening is the process by which spectral features associated with a
particular analyte are broadened by collisions between analyte molecules. Foreign-gas
broadening is the process by which analyte spectral features are broadened by collision
with other gas molecules, such as Nj, O,, or CO, (as mentioned in Chapter I).
Contribution of each effect to the width of observed spectral features is proportional to
the pressure of each perturber and the broadening coefficient of each species, given in
units of frequency per unit pressure (i.e. MHz/Torr). The theory behind each of these
effects has been explained by Lorentz,*** Debye,** and later by van Vleck and

326
f.

Weisskop Lorentz’s approach assumed a case in which the orientation of molecules

after a collision had no relation to the pre-collision orientation.*” Debye explained
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molecular collisions in the case of polar molecules, which produced a theoretical model
in which the post-collision orientations of polar molecules are not entirely random, but
instead have an orientation related to the electric field at the time of collision. Re-
orientation of the molecule with the electric field at the moment of impact causes
absorption, even at points in the spectrum which are relatively distant from strong
absorption peaks.’” As a result, the absorption at a distance from the resonant frequency
of a rotational transition will be related to collision frequency, or the mean time between

collisions, which is often represented with t. The effect of this parameter on spectral

broadening is described by Equation IV-30."% %’
Av = i Equation IV-30
©2mt

The width of the peak is inversely proportional to the time between collisions, 1. As the
sample pressure increases, more molecules are present in the sample cell, which results in
an increase in the number of collisions, and a corresponding decrease in the time between
collisions, which causes an increase in spectral peak width.

Self-broadening and foreign-gas broadening can produce line widths anywhere

328 Tsao

above 25 kHz.>*® Studies of this phenomenon have been reviewed by Birnbaum.
and Curnutte have also provided an in-depth analysis of these phenomena.’” Broadening
coefficients will vary from one species to another, both in terms of self-broadening and
foreign gas broadening. The source of this variability is a parameter known as the
collisional cross-section, which is related to the mean time between collisions as shown
in Equation IV-31.%

T =1/nvo Equation IV-31
In Equation IV-31, the collision cross-section is represented by o, n is the number of
molecules per unit volume, and the relative velocity of impact is represented by v. The

cross-section is not strictly determined by the physical size of the molecule, but also by

the intermolecular forces the molecule is able to exert on neighboring species.**’
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The effect of self-broadening may be described in this context with Equation IV-

32.110, 330

_ nyvibf Equation IV-32
V2

In Equation IV-32, n; represents the molecular concentration (in molecules per unit

volume) of the analyte molecule, v, represents the mean velocity of the analyte molecule,

and b; represents the collision diameter of the analyte molecule. Foreign-gas broadening

is described by Equation IV-33.'1%3%

_ \/Enlvlblz + nzvlz(blz)z Equation IvV-33
B 2

\%

Equation IV-33 includes the contribution of self-broadening to the observed line width,
as indicated by the variables given the subscript 1. The variable n; represents the number
of foreign-gas molecules per unit of volume, while v}, and by, represent the root-mean-
square velocity of the foreign gas relative to the analyte molecule, and the collision
diameter of the foreign gas, respectively. As indicated by Equations IV-32 and IV-33,
the change in the observed spectral line width is proportional to the square of the
collisional diameter, thus greatly increasing the spectral line width of analyte molecules

when observed in the presence of bulky or polar molecules.

Spectral Peak Shapes

Three unique absorption profiles are thus suggested for modeling of rotational
spectral features, given certain guidelines in the application of each line shape. As
mentioned previously, when samples are analyzed at very low pressures (up to ~1
mTorr), a Doppler-broadened spectral peak is observed. This line is best represented by a
Gaussian profile, shown in Equation IV-34.

[v— v0]2> Equation IV-34
24v2

Ag(v) = Ve, exp <
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The magnitude of the absorption peak is dictated by the absorptivity &, (in A.U./cm?),
with the maximum observed at the resonant frequency vy, and decreasing at adjacent
frequencies v. The HWHM of the absorption peak is represented by Av, and the
absorbance as measured in volume V (in cm?) is calculated as Ag(v). Under these
conditions, the shape of the peak is representative of the velocity distribution of the
absorbing molecules, which follows the Maxwell-Boltzmann distribution.

As the pressure is increased to a range from ~1 mTorr to 1 Torr, spectral
absorption peaks will start to take on the shape of the Lorentzian profile as a result of
collisions between molecules.”> Gordy points out the underlying complexity of the
sample under these conditions: not only is energy transferred between colliding
molecules, but the presence of polar molecules (presumably the analyte, but not
excluding interfering absorbing species) in greater quantities gives rise to longer-range
interactions.”” Stark modulation (mentioned in Chapter I) of analyte energy levels may
be induced by other molecules in close proximity."> Molecules with particularly strong
dipoles may experience attractive or repulsive forces due to dipole-dipole interactions.
While the extent of broadening of spectral features of different polar molecules may
provide insight into the magnitude of the dipole moment, Stark modulation of energy
levels provides a more reliable experimental method for dipole determination.”> The
Lorentzian line profile, provided in Equation IV-35 is recommended for modeling of
spectral features observed under conditions such as those above, primarily for spectral

peaks with HWHM much less than the resonant frequency.

4,(v) = Ve, Av e VA)\; _ sz] Equation IV-35
The variables in Equation IV-35 are identical in meaning to those of Equation IV-

34. It is important to note that Equation IV-35 is of a slightly different form than that

provided by Gordy."? The profile provided by Equation IV-35 includes the width

parameter outside the bracketed term in order to normalize the profile. Excluding the
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absorptivity term, this provides a peak in which the maximum value is always 1, making
this form more practical for peak-fitting applications.

If the pressure of the analyte is increased further, to a level near 10 Torr or
greater, spectral absorption peaks will start to deviate from the Lorentzian profile."* This
line profile gives way to another line shape known as the van Vleck-Weisskopf profile,
which bears some resemblance to the Lorentzian profile near the resonant frequency, but
exhibits higher absorption at frequencies above this. The profile is described by Equation

IV-36.

Av N Av Equation IV-36
(Vo —v)2+ (AVv)?2 * (vo + V)2 + (Av)?

\%
AL(V) = VSVO V_O

All variables in Equation IV-36 have the same meaning as those in Equations IV-34 and
IV-35. Note the similarity between Equation IV-35 and the first term in the brackets in
Equation IV-36. A comparison of these three line profiles is provided in Figures [V-4
and IV-5. Figure IV-5 illustrates the effect of increasing the peak width (Av), mimicking

the effect of spectral broadening on the appearance of spectral absorption features.
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Figure IV-4. A comparison of the Lorentzian (L), Gaussian (G), and the van Vleck-
Weisskopf (V V-W) line profiles. Note the difference between the Gaussian
profile and others near the resonant frequency, where the Gaussian profile has
a slightly increased width relative to the others. The Gaussian profile
approaches zero much faster than the other profiles. Note also the difference
in the magnitude between the Lorentzian and van Vleck-Weisskopf profiles at
great distances from the resonant frequency. The Lorentzian profile has
greater magnitude in the low-frequency tail, whereas the van Vleck-
Weisskopf profile exhibits increased magnitude in the high-frequency tail.
Figure IV-4 was produced using an x-axis point spacing of 0.01, peak center
of 0.5, height of 1, and width of 0.05.
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Figure IV-5. The three line profiles are plotted with a width of 0.15 and the same peak
center and height as those used for Figure IV-4. Note the increased skew of
the van Vleck-Weisskopf profile, similar to that illustrated by Gordy and
Cook."” As the width increases, the height and apparent resonant frequency of
the van Vleck-Weisskopf proﬁle increase.
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CHAPTER V
MOTIVATION FOR THZ FREQUENCY ANALYSIS OF GASEOUS
SPECIES

Background

Precise measurement of gaseous species is of key importance in several fields:
astronomical observation and study, atmospheric analysis, and industrial hygiene and
health. As was mentioned briefly in some sources in Chapter I, microwave frequencies
have been applied to the analysis of gaseous entities and the atmospheres of distant
planets provides humankind with a deeper understanding of the Universe. Laboratory
measurements are often carried out with various species to provide a reference set of
spectral parameters for species of astrophysical interest. Armed with this knowledge,
astronomers are then able to identify the species in spectral observations of
extraterrestrial bodies.

The chemistry of the atmosphere is known to play a significant role in the Earth’s
climate. Atmospheric constituents, as well as pollutants exhibit unique absorptive and
emissive properties, which affects the energy balance of the atmosphere.®' Pollutants
may also perturb natural chemical processes in the atmosphere, which in turn may affect
the energy balance, or generate reaction products which can cause further harm to
humans or the environment.”' Furthermore, some species may reside in the atmosphere
for long periods of time, increasing the long-term detrimental effects of the species.”!

Industrial hygiene presents an opportunity for such measurements as well.
Several of the compounds of interest are classified as hazardous air pollutants by the
Occupational Safety and Health Administration (OSHA) and the Environmental
Protection Agency (EPA). Permissible exposure levels (PELs) are set by OSHA which
limit the concentrations to which workers may be exposed, based on an 8-hour time-

weighted average.”** Exposure to various species is restricted due to associated adverse
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health effects, both short-term and long-term. Table V-1 provides a list of the species of

interest, the respective chemical formula, CAS registry number, informal abbreviation,

reference, and OSHA’s PEL, if applicable.

Table V-1. Species of interest selected for THz-frequency analysis. Chemical names,

formulas, informal abbreviations, CAS numbers, and PELs are provided with
the respective references. Unregulated species are designated with “NA” in

the PEL and Reference cells.

Species Formula CAS number PEL Reference

Acetaldehyde CH;CHO 75-07-0 200 333
Acetonitrile CHsCN 75-05-8 40 334
Ammonia NH; 7664-41-7 50 335
Ethyl Alcohol CH5CH,0OH 64-17-5 1000 336
Methyl Alcohol CH30H 67-56-1 200 337

Water H,0 7732-18-5 NA NA

Propionitrile CH3CH,CN 107-12-0 NA NA

Propionaldehyde CH;CH,CHO 123-38-6 NA NA

A broad range of instrumentation is available for analysis of gaseous species in

Alternative Measurement Configurations

the atmosphere. Microwave-frequency instrumentation is currently in use in a variety of

measurement configurations, including ground-based, airborne and satellite based

units.**® Infrared spectroscopic instrumentation has also been applied to measurements of

atmospheric species in active and passive modes.”*® Active measurement configurations

are those in which the analytical system incorporates both a source and detector, whereas

passive instrumentation relies on an external source, such as the sun or infrared radiation
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emitted by the Earth’s surface.**® Ultraviolet/visible (UV/Vis) spectroscopy has also
been applied in active and passive modes for the measurement of minor stratospheric
pollutants.**® Other methods such as chemoluminescence,**’ gas chromatography,>* **°
liquid chromatography,* laser-induced fluorescence®*' or breakdown,*** mass
spectrometry,”*’ photoacoustic detection,’*” and many others. Many other techniques are
available for such measurements. Each method has inherent advantages and
disadvantages, which is likely the cause for such variety in the available apparatus.
Merits and shortcomings of generalized classes of analytical instrumentation will be
discussed to address areas in which THz-TDS measurement may be advantageous. These
are primarily discussed with respect to the sensitivity, selectivity, and practical
limitations of each method. Generic challenges met in most atmospheric measurements

have been reported.**

Portable Chemical Sensors

Portable chemical sensors are becoming increasingly commonplace, as the
electrical components for these devices become cheaper and more compact. Solid-state
sensors also provide a durable measurement platform, as they are far simpler than
laboratory bench-top instrumentation. This simplicity offers a benefit in the stability of
the system: it will tend to be less sensitive to shock and vibration, and may be deployed
in environments otherwise deemed unsuitable for an analytical instrument. Simplicity
also seems to be the downfall of this class of apparatus, as they often exhibit low
selectivity and sensitivity.”** As mentioned in Chapter I, selectivity is the ability to
distinguish between chemical species, and sensitivity is the ability to detect species which
incite a miniscule instrumental response. Some devices require elevated temperatures for
effective measurements, which may also make them unsuitable for certain applications.***
Wilson points out a particularly challenging aspect of sensor development: selectivity and

sensitivity are often traded off.***
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Chromatographic Methods

Chromatographic apparatus often provides increased chemical selectivity owing
to the separation process(es) preceding detection. Separation modules can also be
combined with detection methods which further improve the selectivity of the method,
such as a diode array for broadband spectroscopic detection or mass spectrometer for
mass/charge-based detection. Selectivity and/or sensitivity are achieved at the expense of
measurement time. Separation methods provide chemical selectivity via
chromatographic resolution, which has a distinct lower limit. If the sample is passed
through the separation component at too high a rate, separation will not be achieved.**’
As a result, measurements may require extended periods of time to achieve the desired
resolution. Furthermore, remote deployment would require a re-stocking regimen to
replenish carrier gases or solvents used in the separation. Chromatographic methods also
require the use of some sort of inlet system which will transfer the sample from the
atmosphere to the environment in which the measurement is performed. Reactivity of
species with the inlet material is a potential concern when performing analyses with this

apparatus, though some designs have circumvented this challenge.’*’

Spectroscopic (Narrowband)

Narrowband optical devices often employ lasers as sources due to the high radiant
powers possible with modern units. Spectroscopy may be performed with these devices
in either absorption or emission modes. Those apparatus which perform absorption
measurements, such as cavity ringdown spectrometers, benefit from the high radiant
power in that the laser may be propagated through a multipass cell many times without
significant loss of the analytical signal. The long path lengths attainable with these
devices provide excellent sensitivity, but this benefit is gained at the expense of
selectivity in many cases. When the measurement is performed with a very narrow

spectral range, spectral overlap from interfering species cannot be characterized, resulting
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in potential error in predicted concentrations. In some cases, it is preferable for the
apparatus to perform measurements in narrow bands as the measurement will otherwise
take on “multiexponential” character.>*® This means that the measured decay signal will
no longer be well fit by the single decay expression often used in this type of
measurement.>*® Ball and Jones reviewed reports of (relatively) broadband cavity
ringdown systems and their application to measurement of different atmospheric trace
species.**® Broader spectral output is often achieved by incorporation of dye gain media
or xenon flash lamps in the apparatus,’* but the useable bandwidth is still well below that
of traditional spectroscopic methods. Species with widely-spaced absorption features are
well-suited for measurements with this method, such as di- or triatomic species as well as
simple polyatomic molecules.”’*

Laser-based emission measurements can provide enhanced selectivity by exciting
species to a point at which they will emit broad spectral signatures. Further
enhancements in sensitivity and selectivity may be gained by incorporating resonant
pulses to maximize excitation of the analyte atom or molecule.**' Laser-induced
breakdown spectroscopy is a method which utilizes laser pulses to atomize molecules in
the sample. These excited atoms then emit radiation at wavelengths specific to the atoms
in the molecule. As such, the method provides spectral data representative of the
analyte’s elemental composition, though this information is not useful when analyzing
compounds comprised of the same elements, such as those studied in the following
experiments. Emission spectral features of the analyte may also be superimposed on
emission features of other species in the sample matrix.**' Spectral peak width can be
reduced by analyzing samples at decreased pressures, providing some improvement in the

selectivity of this method.
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Spectroscopic (Broadband)

Broadband spectroscopic methods provide greater chemical selectivity relative to
their narrowband counterparts, but there is some tradeoff in sensitivity since the radiant
power produced by these sources is spread across a wide range of wavelengths. Even so,
these devices may still be coupled to a multipass cell to increase sensitivity.
Measurements have also been performed in open path configurations to achieve high
sensitivity with relatively simple setups.”’> Successful measurement has been
demonstrated for a wide range of analyte molecules.”*® Open path measurements provide
the benefit of measuring the compound in situ, avoiding the problem of reactivity with
instrument surfaces. Greater attention will be devoted to this category in a discussion of

the place of THz-TDS amongst current spectroscopic methods.

Mass Spectrometry

Mass spectrometry is another popular method for atmospheric analyses. These
devices first ionize incoming sample molecules and then separate them by their mass-to-
charge (or m/z) ratios.>*® The selectivity of this method depends heavily on the
instrument configuration: the ionization method and mass spectral resolution will
determine the extent of molecular fragmentation and resolving power available for
qualitative analysis, respectively.’*’ Harsh ionization methods such as electron-impact
ionization will fragment incoming species to a high degree, making qualitative analysis
unreliable. Selectivity can be restored by coupling the device to a separation method
such as a gas chromatograph or high-performance liquid chromatograph.?’?

Mass spectrometers utilizing multi-pole (quadrupole or octopole) separation
regions can provide very high-resolution m/z spectra, but measurements may only be
performed for one m/z ratio at a time.>* As such, detection of multiple species requires

m/z scans, lengthening the time required for sample analysis. Recent advances in the

design of time-of-flight mass spectrometers have facilitated multi-component analysis, as
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these instruments are capable of measuring all m/z ratios simultaneously. Time-of-flight
mass spectrometers are starting to replace their multi-pole counterparts in atmospheric
analyses.*”’ A concise summary of instrumental configurations and ionization techniques

was reported by Farmer and Jimenez.**

THz Spectral Features of the Compounds of Interest

Rotational spectral features have been identified for the species of interest, both
theoretically and experimentally, as described in Chapter I. Many of these transitions fall
within the spectral range accessible by the TPS Spectra 1000D. It is worthwhile to
compare features observed in experiments to those reported in the literature to ensure that
features assigned to each species are genuine and are not the result of instrumental
artifacts. Rotational spectral peak positions and relative peak heights are available on the
National Aeronautics and Space Administration’s (NASA) Jet Propulsion Laboratories
(JPL) molecular spectroscopy site.’** Revisions to experimental and calculated peak
parameters are reported frequently in the Journal of Quantitative Spectroscopy and
Radiative Transfer.**

The following figures provide a comparison between the experimental
absorptivity spectra (A.U./ppm) measured in this work, shown as solid traces, and the
JPL reference parameters, shown as vertical bars and scaled for comparison. While the
JPL database provides spectral parameters for many of the species of interest, no entries
were found for propionaldehyde or for isotopologues of some other species of interest.
The Cologne Database for Molecular Spectroscopy>" and HITRAN>®! databases were
not used to fill the gaps.

Table V-2 lists the isotopologues and excited vibrational states available for each
species of interest. Vibrational states are denoted by the symbol v. Each species is given
a species identifier number which indicates the molecular weight of the species (the first

two digits) and the sequence of its listing (the last three digits). Trans and gauche



176

designations are provided for singly-deuterated propionitrile, and a unique parameter set
is available for each conformation.>* Figures V-1 through V-21 contain overlays of the
experimental spectra and available JPL reference parameters for 7 of the 8 species of
interest. Isotopologues and rotational transitions of vibrationally-excited species are
included in the spectra with scales appropriate for respective relative abundances. No
baseline is plotted in these spectra. In some cases, such as the spectrum of water vapor, it
may appear as though the reference parameters form a baseline near zero, but these are
simply dense collections of weak rotational transitions. It is this collection of weak
transitions that has been cited as the source of the water vapor absorption continuum, as
described in Chapter L.

Absorptivity spectra shown in Figures V-1 through V-21 represent the average of
>30 samples analyzed at concentrations ranging from 26 to 710 ppm. Spectra were
collected at a resolution of 0.225 cm™ as the average of 1800 scans. In each spectrum,
the solid blue line represents the experimental absorptivity spectrum with 16xN levels of
TDS extension, providing clearer peak shapes with a greater number of data points in the
resulting spectrum. Rotational transitions contained in the JPL spectral database are
represented by red vertical lines, each of which is illustrated with a small red dot at half-
height to facilitate visual discrimination of closely-spaced transitions. Rotational
transitions end abruptly for some species towards the high-frequency end of the
spectrum, while significant spectral features may be observed in the experimental data at
these frequencies. Parameters may not have been determined for these frequencies, or
the discrepant experimental data represents rotational transitions of vibrationally-excited

species, isotopologues, or other spectral contributors.

The Case for THz-Frequency Spectroscopic Analysis

Spectroscopic analysis of gaseous pollutants may be performed with a variety of

analytical methods, as described previously, but THz frequency radiation has several



Table V-2. JPL rotational transition parameter sets and species identifiers for each

compound of interest.

Species Formula Species Identifier
Acetaldehyde CH;CHO 44003
Acetonitrile CHsCN 41001
Acetonitrile CH;3CN - vg 41010
Acetonitrile BcH,CN 43005
Acetonitrile BCH,CN 42006
Acetonitrile CH,;"CN 42007
Acetonitrile CH,DCN 42008
Acetonitrile CH,C"N 42001
Ammonia NHs 17002
Ammonia NH; - v, 17004
Ammonia NH,D 18004
Ammonia NH, 18002
Ethanol CH5CH,OH 46004
Methanol CH5;0H 32003
Water H,O0 18003
Water H,0 - vy v, v3 2v, 18005
Water HDO 19002
Water D,0 20001
Water H,"0 19003
Water H,"0 20003
Water HD"0 21001
Propionitrile CH5CH,CN 55001
Propionitrile BCH;CH,CN 56003
Propionitrile CH;"CH,CN 56002
Propionitrile CH5CH,"™CN 56001
Propionitrile CH,DCH,CN-trans 56005
Propionitrile CH,DCH,CN-gauche 56006
Propionitrile CH5CH,C"N 56004

177
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Figure V-1. THz-frequency absorptivity spectrum of acetaldehyde (blue) and
corresplonding JPL parameters (red). Note the abrupt end of parameters near
30cm’™.
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Figure V-2. Expanded view of the absorptivity spectrum (blue) shown in Figure V-1
with corresponding JPL parameters (red). Note the complexity of the
underlying features which comprise the THz spectrum.
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Figure V-3. Expanded view of the absorptivity spectrum (blue) shown in Figure V-2
with the corresponding JPL parameters (red).
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Figure V-4. THz-frequency absorptivity spectrum of acetonitrile (blue) and
corresponding JPL parameters (red).
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Figure V-5. Expanded view of the absorptivity spectrum (blue) shown in Figure V-4
with the corresponding JPL reference parameters (red). Note the complexity
of the underlying features which comprise the THz spectrum.
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Figure V-6. Expanded view of the absorptivity spectrum (blue) shown in Figure V-5
with the corresponding JPL parameters (red).
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Figure V-7. THz-frequency absorptivity spectrum of ammonia (blue) and corresponding
JPL parameters (red).
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Figure V-8. Expanded view of the absorptivity spectrum (blue) shown in Figure V-7
with the corresponding JPL parameters (red).
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Figure V-9. Expanded view of the absorptivity spectrum (blue) shown in Figure V-8 and
the corresponding JPL parameters (red).
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Figure V-10. THz-frequency absorptivity spectrum of ethanol (blue) and correspondmg
JPL parameters (red). Note the abrupt end to features near 66 cm™
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Figure V-11. Expanded view of the absorptivity spectrum (blue) shown in Figure V-10
with the corresponding JPL parameters (red). Note the complexity of the
underlying features which comprise the THz spectrum.
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Figure V-12. Expanded view of the absorptivity spectrum (blue) shown in Figure V-11
and the corresponding JPL parameters (red).
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Figure V-13. THz-frequency absorptivity spectrum of methanol (blue) and
corresponding JPL parameters (red).
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Figure V-14. Expanded view of the absorptivity spectrum (blue) shown in Figure V-13
and the corresponding JPL parameters (red). Note the complexity of the
underlying features which comprise the THz spectrum.
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Figure V-15. Expanded view of the absorptivity spectrum (blue) shown in Figure V-14
and corresponding JPL parameters (red).
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Figure V-16. THz-frequency absorptivity spectrum of water vapor (blue) and
corresponding JPL parameters (red).
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Figure V-17. Expanded view of the absorptivity spectrum (blue) shown in Figure V-16
with the corresponding JPL parameters (red).
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Figure V-18. Expanded view of the absorptivity spectrum (blue) shown in Figure V-17
and the corresponding JPL parameters (red).
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Figure V-19. THz-frequency absorptivity spectrum of propionitrile (blue) and
corresponding JPL parameters (red).
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Figure V-20. Expanded view of the absorptivity spectrum (blue) shown in Figure V-19
and the corresponding JPL parameters (red). Note the complexity of the
underlying features which comprise the THz spectrum.



188

x 10

/\“¥/f‘*\77

= = = =
o N N o
T T T T

Absorptivity (A.U./ppm)
0]

2k
Opd - M.mﬁt»..i S [ Py } i... A ! L MHM : —— ..-_L

L

8.95 9 905 91 915 9.2 925 93 935 94
Wavenumbers (cm'l)

Figure V-21. Expanded view of the absorptivity spectrum (blue) shown in Figure V-20
and the corresponding JPL parameters (red).

properties which set it apart from other regions of the electromagnetic spectrum.

As mentioned in Chapter I, thermally-excited chemical species do not emit
electromagnetic radiation near the sampled THz-frequency range.'”” Thus, species may
be analyzed at various temperatures without observation of a combination of absorption
and emission processes. As described in Chapter IV, the temperature does affect the
height of observed absorption peaks as a result of a shift in the Boltzmann distribution,
but this phenomenon affects all spectroscopic measurements.

A second argument may be made for this method based on selectivity. As
mentioned in Chapter I and described theoretically in greater detail in Chapter IV, THz-
frequency spectral features are comprised in part of pure rotational transitions of the
analyte molecule. Because absorption is a function of the motion of the entire molecule,
these frequencies should provide greater chemical selectivity relative to functional group

analysis in infrared or Raman methods. This argument may be supported by analysis of
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absorption spectra of these species in different spectral ranges. Library spectra of the
species of interest were obtained from the Pacific Northwest National Laboratory
(PNNL) as collected with FTIR instrumentation with path lengths ranging from 19.94 —
815.76 cm.*** Overlays of the THz and IR spectra for the species of interest are shown in
Figures V-22 through V-23 and Figures V-24 through V-29, respectively.

These spectra cover the 600-6500 cm™ spectral range, and are provided with a
data point spacing of 0.06 cm™. Chemical selectivity available with THz frequencies and
IR frequencies was estimated using the NAS multivariate selectivity measures described
in Chapters I (Equation I-5, shown in Table V-3) and III (Equation I1I-27, shown in Table
V-4). Data point spacing in the PNNL library spectra was increased to 0.96 cm™ to
enable calculation of the selectivity coefficient. The SEL coefficient was calculated for
various IR spectral regions with both SEL measures, as shown in Tables V-3 and V-4.
For each species, the background matrix (R_;) was constructed with the spectra of the
remaining 7 species of interest. No spectra were included for either spectral range which
described instrumental variance, as none were available for the PNNL spectral data. The
2000 — 2600 cm™" spectral range was excluded from the SEL comparison due to the
miniscule magnitude of the spectral features therein.

The chemical selectivity available with rotational spectral frequencies is evident
from the comparison of the selectivity values listed in Tables V-3 and V-4. Similar
trends are seen in the SEL values obtained with each method, though values calculated
with the projection angle method tend to be lower in magnitude. Infrared absorption
features associated with acetonitrile and water vapor provide greater multivariate
selectivity than those in the THz spectral range, but the THz spectral features of the
remaining species provide the greatest chemical selectivity, and THz SEL values for
water and acetonitrile are similar in magnitude to those calculated for the IR spectral

ranges.
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Figure V-22. THz absorptivity spectra of the compounds of interest.
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Figure V-23. Expanded view of Figure V-22 highlighting spectral features of rotors with
increased molecular weight.
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Figure V-24. IR absorption spectra of the compounds of interest. Note the decrease in
absorption with increasing frequency.
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Figure V-25. IR absorption spectra of the compounds of interest over the 600 — 1300 cm’

range.
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Figure V-27. IR absorption spectra of the compounds of interest over the 2000 — 3100

cm’™ range.
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Figure V-28. IR absorption spectra of the compounds of interest over the 3100 — 4000
cm - range.
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Table V-3. The SEL coefficient calculated from the ratio of the lengths of the NAS and
analyte spectrum vectors. The highest SEL value for each species is

highlighted in yellow.
Species Spectral Region (cm™)
THz Mid-IR Near-IR
2-125 | 600-1300 | 1300-2000 | 2600-3100 | 3100-4000 | 4000-6500

CH5CHO 0.723 0.714 0.259 0.432 0.205 0.343
CHsCN 0.695 0.759 0.586 0.540 0.700 0.460
CH5CH,0OH 0.968 0.512 0.574 0.251 0.533 0.398
H,O0 0.950 0.995 0.940 0.900 0.955 0.999
CH3;0H 0.869 0.662 0.583 0.272 0.542 0.340
NH3 0.970 0.940 0.934 0.920 0.961 0.797
CH3CH,CHO | 0.759 0.735 0.264 0.344 0.198 0.301
CH3CH,CN 0.779 0.722 0.632 0.510 0.715 0.379

Table V-4. The SEL coefficient calculated via the angle between vectors. The highest
SEL value for each species is highlighted in yellow.

Species Spectral Region (cm™)

THz Mid-IR Near-IR

2-125 | 600-1300 | 1300-2000 | 2600-3100 | 3100-4000 | 4000-6500
CH3;CHO 0.661 0.655 0.256 0.418 0.203 0.337
CHsCN 0.641 0.688 0.553 0.515 0.644 0.444
CH3CH,0OH 0.823 0.490 0.543 0.248 0.508 0.387
H,0 0.813 0.839 0.808 0.783 0.816 0.841
CH5OH 0.764 0.614 0.550 0.269 0.515 0.333
NH; 0.824 0.807 0.804 0.795 0.820 0.716
CHsCH,CHO | 0.688 0.671 0.261 0.338 0.197 0.297
CH5CH,CN 0.703 0.661 0.591 0.488 0.656 0.370
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CHAPTER VI
QUANTITATIVE ANALYSIS OF INDIVIDUAL GASEOUS SPECIES

Experimental Configuration

Gas samples were prepared and analyzed using a variety of components shown
schematically in Figure VI-1. Liquids were injected into the mixing manifold (3) via the
liquid injection port (13), which relies on evaporation of the compound in the sample
loop. As such, the system is most useful for compounds which have appreciable vapor
pressures. Sample vapors flow from the mixing manifold (3) to the stainless steel gas cell
(8) via the stainless steel transfer tube (7). THz spectral analysis was performed with the
TPS Spectra 1000D (9), which was purged with dried air (15). The temperature of the
gas(es) in the cell was (were) measured by a thermocouple (Omega model TIC36, 10)
inserted in the cell, which provided a reading on the temperature readout unit (Omega
model DP 462, 11). Transmission of THz pulses through the cell was made possible by
two Teflon windows. The path length of the assembled cell was 7.780 &+ 0.004 cm.
Pressure was measured by a heated capacitance manometer (MKS Instruments, model
627D, 5), which displayed a reading on the gauge readout unit (MKS Instruments, model
660B, 6). Ammonia (Specialty Gases of America, 99.99% anhydrous, 12) and nitrogen
(Airgas, ultra-pure carrier grade, 14) gases were inducted into the manifold as gases,
requiring semi-permanent connection to the manifold. All chemicals were used without
additional purification or treatment. Nitrogen gas was used in place of pressurized air to
prevent oxidation of analyte species by oxygen, which is relatively abundant (~27%) in
air. Oxidation products would exhibit different spectral features, as the moment of inertia
would change as molecules become oxidized.

Dilution flasks (4) were used to store mixtures of compounds of interest with
nitrogen during analysis of samples at ppm concentrations. The dilution procedure and

its benefits will be described later. Once analysis of a gas sample was complete, it was
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withdrawn from the manifold, cell, transfer lines, and flask through a liquid nitrogen trap
(2). This component is used to remove dangerous vapors from the gases before removal
with the vacuum pump (Welch Ultratorr model 8907, 1). Were it not for the trap, the
vacuum pump oil would become contaminated with the species under analysis, which

would affect pumping performance.

® = yalve

Figure VI-1. Schematic representation of equipment used for gas sample preparation and
analysis. The identity and function of each numbered component is described
in the text.

Pure Components at Part-Per-Million Concentrations

In this work, each species of interest was analyzed as a pure component (mixed

only with nitrogen) and in mixtures (mixed with nitrogen and other species of interest).
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Pure components were analyzed at concentrations ranging from 26 ppm to 66.5 parts-per-
thousand, and this section is devoted to concentrations ranging from 26 to 710 ppm. The
ppm concentrations are similar to those expected for atmospheric measurements.
Quantitative performance of linear regression, CLS, and PLS models was examined for
each pure component to establish a baseline for analytical performance with mixtures,
which more closely mimic real-life atmospheric measurements.

Quantitative analysis was performed with linear regressions, CLS, and PLS.
Predictive models were prepared with unprocessed as well as DFF-processed spectra, and
multivariate methods were also optimized with wavenumber selection. Filter parameters
and wavenumber bounds were optimized as described in Chapter III using the NMS
algorithm, where the CVSEP served as the minimized function value. Baseline
correction was performed for samples in which baseline was visible in high SNR regions
by subtracting the mean of a small blank spectral range from the entire spectrum. Errors
reported from linear regressions represent the mean of the error from 5 regressions at

various frequencies covering the analyte spectrum.

Experimental
Samples were prepared with a low propagated reference error using a dilution
process. This reference error is many times lower than that attained by a single

measurement. Preparation is described by the following outline.
1. Stock mixture
a. evacuate system (0.0 Torr)
b. insert analyte (various pressures, Pynqiyte)
c. add N; (~760.0 Torr, Pp,iy)
d. retain mixture in flask
2. Reference
a. evacuate system (0.0 Torr)
b. add N, (760.0 Torr)
c. collect reference spectrum
3. Sample
a. evacuate system (0.0 Torr)
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add stock mixture (various pressures, Pgiock)
add N; (~760.0 Torr, P;yrq1)
adjust volume (760.0 Torr, Pyipq;)

© ao o

collect sample spectrum
Reference and sample spectra were collected alternately so each sample has a unique
reference spectrum.

Given the steps in the outline above, the analyte concentration may be calculated

using Equation VI-1.

Panalyte) (Pstock> (Pfina1> Equation VI-1

C =1x 106(
pem Ptotal

P, mix Ptotal

Concentration (Cppm, in ppm) is the product of the ratios of the pressures for each step.
The first term enclosed in parentheses represents the pressure fraction of analyte in the
stock mixture, and the second represents the dilution factor obtained when the mixture is
released into the manifold and N is added. The last term in parentheses is the result of
volume adjustment. Despite the use of metering valves, it is difficult to add N, to a
pressure equal to 760.0 Torr. After addition of the nitrogen, metering valves near the
pressure transducer and steel transfer lines may be opened further to increase the internal
volume, which decreases the pressure of the sample according to the ideal gas law. In the
end, the final step enables preparation of samples with tighter control on the overall
pressure of the sample.

Preparation of samples by dilution significantly reduces the propagated reference
concentration error for ppm samples. For example, if a sample must be prepared with a
concentration of 260 ppm, and the error of the pressure measurement is assumed to be
equal to the smallest increment on the pressure display, a stock mixture of 12.3 Torr of
analyte would be prepared with a mixture pressure of 760.0 Torr. A 12.2 Torr portion
would be released and diluted to 760 Torr with N, gas, which would produce the

propagated error shown in Equation VI-2 (assuming no volume adjustment is performed).



200

Equation VI-2

(0.1)2+(0.1 )2+(0.1>2+(0.1 )2 260 -
el 01T, _

123) " \7600) T\122) "\7600 ppm ppm

On the other hand, if this sample is prepared using the single-measurement method, a

pressure of 0.2 Torr of analyte must be diluted in 760.0 Torr of N, gas, as shown in

Equation VI-3.

\/ 0112 0.1 12 Equation VI-3
(0—2> + (W) * 260 ppm = 130 ppm

The propagated reference error thus prohibits preparation of samples in the ppm range
with precisely-known concentrations if the dilution process is not performed. Error in the
reference measurement may be reduced by preparing stock mixtures at elevated overall
pressures, but this is practically limited to pressures near 760.0 Torr, as the integrity of
the glass and sealing components may be compromised at elevated pressures.

Propagated error is calculated for the ppm-range samples using Equation VI-2
with a slight modification. The numerator of each relative error term shown in Equations
VI-2 and VI-3 would be replaced with a value which would represent the error as a result
of variability in the gauge measurement and readout stability, which are defined by the
manufacturer as 0.12% of the reading and 0.01% of the reading +1digit. These sources of

error are assumed to be additive, so the numerator may be calculated using Equation VI-

4.

enum = (1.2 X 10737r)2 + (1.0 X 10~4r)2 + 2(0.1)2 Equation VI-4
The magnitude of the numerator error term (€,,,,,,) 1s determined by the pressure reading
(r) and the error introduced by the gauge and readout devices. The third term in
Equation VI-4 represents the precision of the value shown on the readout, as 0.1 is the
smallest increment of the measurement. It is counted twice because each reading is
provided relative to a zero-measurement similar to a mass measurement with an

analytical balance.
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All spectra were collected at a spectral resolution of 0.225 cm™ as the average of
1800 scans, as mentioned in Chapter II. The SCA was used in calculation of all spectra,
and the TDS of each reference and sample was extended such that the total signal length
was 4xN, where N is the next highest power of 2 from the number of data points in the
original signal. Table VI-1 provides statistics for each sample set including number of
samples, minimum, maximum, and mean concentration, correlation in the collection
sequence, and mean and standard deviation of temperature and final pressure values.
Samples were prepared in a manner which reduced correlation between the collection
sequence and analyte concentration. This procedure decreases the likelihood that
systematic instrumental variance will correlate with the magnitude of analyte spectral

features.

Results

Several symbols will be used to represent quantitative data obtained using
different procedures. Results which are reported with the symbol “Raw” represent results
obtained with spectra taken after baseline correction and across the full spectral range (2-
125 cm™, when using multivariate methods). Values provided with the symbol “WN”
represent those obtained with wavenumber window optimization, and those reported with
the symbol “DFF” were calculated with optimized wavenumber bounds and digital filter
parameters. Table VI-2 lists the wavenumber points used for linear regressions, and
Table VI-3 contains the DFF parameters used for linear regression models for each
analyte of interest. Digital filter means and widths are provided in units of digital
frequency, and digital filter widths represent the half-width of the passed digital
frequency band.

Filter parameters tend to follow the frequency content of the respective analyte

spectrum. For example, as seen in Figure V-10, the spectrum of ethanol is comprised of

a dense collection of peaks which makes the spectrum appear very broad. As a result,
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much of ethanol’s chemical information in the digital frequency domain is focused on the
low-frequency end, and the optimized filter is located at a correspondingly low digital
frequency. Conversely, the spectra of methanol or acetonitrile consist of well-separated
narrow peaks compared to those of ethanol. As a result, the chemical information for
methanol and acetonitrile is focused in higher digital frequencies, and the optimized filter
parameters reflect this difference.

Tables VI-4 and VI-5 list the optimized parameters selected for CLS and PLS
regression models, respectively. Table VI-6 provides the CVSEP obtained for each
species of interest with each chemometric method using the different sets of parameters.
The mean reference error and PEL are grouped for comparison in Table VI-7. Table VI-
8 provides calculated F values which represent the statistical significance of processing
methods used for each algorithm. This table provides a rapid evaluation of the benefit of
different quantitative methods. For example, the cell under PLS, Raw-DFF for CH3CN is
highlighted yellow. This means that the error of prediction obtained when using the full
spectral range in the PLS model for acetonitrile was significantly greater than the error of
prediction obtained when the optimized DFF pre-processing and wavenumber
optimization method was used. Concentration correlation plots are shown for each
quantitative model in Figures VI-2 through VI-9. The precision of each model is
reflected graphically by the respective concentration correlation plots in that imprecise
quantitative models exhibit high scattering about the ideal line. The need for
optimization of the quantitative models is apparent, despite the simplicity of these
samples.

In most cases, digital filtering provided improved predictive ability of the linear
regression models. The precision of quantitative models constructed with the un-filtered
spectra generally follow the relative absorptivities for each species. Digital filtering is
not expected to consistently provide improved predictive performance with linear

regression models when implemented in a multi-wavelength fashion with linear
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Table VI-1. Part-per-million sample set conditions and statistics. The minimum concentration (C,;,), maximum concentration (Cp,x),
and mean concentration (Cpean) are provided for each species, along with the collection sequence correlation, average
temperature and average overall pressure across samples.

Species No. Samples Crin (PpmM) Crmax (PpmM) Cinean (PPmM) R% T(°C) Pfinal (Torr)
CH5CHO 39 27 644 294 6.2E-04 23.7+0.2 760.2+0.4
CH;CN 39 26 650 291 4.7E-03 24.0+£0.6 761+1
NH3 40 50 656 384 6.6E-05 25+23 760+ 1
CH3;CH,0OH 30 33 699 281 2.9E-01 23.7+0.2 761 %1
CH5;OH 40 44 693 362 1.3E-03 28.9+0.2 760.3 £ 0.7
CH5CH,CHO 40 37 625 327 2.2E-04 23.8+0.2 760.3 £ 0.7
CH3CH,CN 39 38 647 332 3.9E-04 23.6+0.2 760.3+0.8
H,0 40 43 710 379 1.2E-06 23.6+0.2 760.2 £ 0.5
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Table VI-2. Wavenumber points used for linear regressions for each species of interest.

Species Wavenumbers (cm™)
CH;CHO 12.27 17.32 23.18 29.65 32.78
CH3CN 8.59 13.49 19.65 26.36 31.21
NH; 19.09 40.51 58.79 78.64 98.34
CH3CH,0H 16.67 23.13 31.01 40.35 52.58
CH30OH 14.50 28.94 40.00 52.98 67.68
CH3CH,CHO 8.44 12.42 15.56 25.96 45.25
CH3CH,CN 6.87 9.24 14.65 20.91 27.68
H,O0 18.59 38.79 55.71 75.51 100.50

Table VI-3. Parameters (in digital frequency units) used for digital filtered linear

regression models constructed with ppm-range sample spectra.

Species DFF
Filter u Filter width

CH3;CHO 0.1149 0.0426
CHsCN 0.0912 0.0283
NH; 0.0650 0.0504
CH5CH,0OH 0.0000 0.0023
CH;OH 0.0296 0.0142
CH5CH,CHO 0.0007 0.0011
CH5CH,CN 0.0049 0.0166
H,0 0.0732 0.0421




Table VI-4. Parameters used for CLS quantitative models constructed with ppm-range

sample spectra.

Species WN DFF
WNpiw' | WNug' | Filter g’ | Filter width> | WNg,' | WNpg'

CH5CHO 7.0 27.0 0.0677 0.0298 13.3 66.0
CH5CN 7.7 27.7 0.1330 0.0347 6.4 41.9
NH; 3.0 100.0 0.0119 0.0055 15.2 105.7
CH5CH,OH 0.6 88.3 0.1276 0.0494 14.3 47.9
CH;OH 20.2 40.2 0.0366 0.0244 5.0 70.0
CH;3CH,CHO 1.2 21.2 0.0082 0.0052 16.0 43.2
CH3CH,CN 9.3 29.3 0.0078 0.0057 15.8 42.6
H,0 3.8 87.8 0.0049 0.0049 7.8 91.7

1: Wavenumber units (cm™)

2: Digital frequency units




Table VI-5. Parameters used for PLS quantitative models constructed with ppm-range sample spectra.

Species Raw WN DFF
#LV' | WNiw” | WNpg,” | #LV' | Filter &* | Filter width® | WN,,” | WNpg™ | #LV!

CH5CHO 1 10.0 30.0 1 0.0737 0.0080 10.5 31.0 1
CH5CN 2 15.4 45.6 2 0.1109 0.0474 23.2 44.8 1
NH; 2 3.0 100.0 1 0.0133 0.0079 18.5 99.5 1
CH;CH,OH 1 9.5 29.5 1 0.1207 0.0423 11.7 35.7 1
CH;OH 1 16.8 36.8 2 0.0363 0.0237 9.4 68.0 1
CH;CH,CHO 1 16.3 39.0 2 0.0076 0.0050 15.8 42.5 1
CH3CH,CN 2 16.0 36.0 2 0.0100 0.0077 16.8 46.3 1
H,0 1 6.2 92.1 1 0.0468 0.0185 10.2 42.9 1

1: Number of latent variables

2: Wavenumber units (cm™)

3: Digital frequency units
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Table VI-6. CVSEP values (in ppm) obtained for each quantitative model for each
species of interest.

Species Linear Regression CLS PLS

Raw (mean) | DFF (mean) | Raw | WN | DFF | Raw | WN | DFF

CH;CHO 42 24 211 39 16 182 22 16
CHsCN 32 8 89 23 4 77 5 4
NH3 27 23 50 33 29 26 19 16
CH5CH,0OH 142 138 301 | 129 | 54 199 | 108 | 55
CH;OH 35 23 164 | 44 25 174 17 16
CH5CH,CHO 123 117 312 62 28 194 28 30
CH5CH,CN 99 101 137 42 11 114 14 9
H,0 49 48 98 92 88 59 45 45

Table VI-7. Mean reference error, PEL, and best CVSEP for each analyte in ppm. The
quantitative method which produces the best result is indicated in the last

column.

Species Mean ref. error PEL Best CVSEP Best Method
CH5CHO 5.4 200 16 PLS, DFF'
CHsCN 5 40 4 PLS, DFF
NH; 6 50 16 PLS, DFF
CH5;CH,0OH 4.5 1000 54 CLS, DFF!
CH;0OH 5.8 200 16 PLS, DFF
CH5;CH,CHO 5.6 X 28 CLS, DFF!
CH3;CH,CN 5.6 X 9 PLS, DFF!

H,O 6 X 45 PLS, WN/DFF

1: CLS and PLS results are not significantly different
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Table VI-8. Calculated F values comparing the errors of prediction obtained with different processing methods. Significant
differences are indicated with yellow highlighted values. Models constructed with the un-processed spectra are denoted
with the word Raw; those constructed with wavenumber optimization are indicated with the symbol WN, and those
constructed with digital filtering and wavenumber optimization are represented by the DFF abbreviation.

Species Ferit Fealc
Lin. Reg. CLS PLS
Raw-DFF Raw-WN Raw-DFF WN-DFF Raw-WN Raw-DFF WN-DFF
CH5CHO 1.72 3.07 30.05 177.46 5.90 70.53 126.91 1.80
CH;CN 1.72 17.13 15.56 444.56 28.57 199.94 452.31 2.26
NH; 1.70 1.37 2.37 2.89 1.22 1.87 2.44 1.31
CH;3CH,0OH 1.86 1.81 5.39 31.38 5.82 3.38 13.30 3.93
CH;0H 1.70 2.30 13.69 43.52 3.18 107.62 115.47 1.07
CH5CH,CHO 1.70 1.11 25.42 124.59 4.90 48.83 42.83 1.14
CH5CH,CN 1.72 1.03 10.50 165.06 15.71 62.57 163.89 2.62
H,O 1.70 1.03 1.13 1.22 1.08 1.70 1.70 1.00
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Figure VI-2. Concentration correlation from linear regression models constructed with
un-processed spectra. Acetaldehyde is represented by red circles, acetonitrile
by green x’s, ammonia by blue asterisks, ethanol by magenta triangles,
methanol by yellow squares, propionaldehyde by inverted black triangles,
propionitrile by red diamonds, and water vapor by green +’s. The ideal line is
shown as a solid blue line with a slope of 1.
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Figure VI-3. Concentration correlation from linear regression models constructed with
DFF-processed spectra. Acetaldehyde is represented by red circles,
acetonitrile by green x’s, ammonia by blue asterisks, ethanol by magenta
triangles, methanol by yellow squares, propionaldehyde by inverted black
triangles, propionitrile by red diamonds, and water vapor by green +’s. The
ideal line is shown as a solid blue line with a slope of 1.
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Figure VI-4. Concentration correlation from CLS regression models constructed with the
full spectral range. Acetaldehyde is represented by red circles, acetonitrile by
green x’s, ammonia by blue asterisks, ethanol by magenta triangles, methanol
by yellow squares, propionaldehyde by inverted black triangles, propionitrile
by red diamonds, and water vapor by green +’s. The ideal line is shown as a
solid blue line with a slope of 1.
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Figure VI-5. Concentration correlation for CLS models constructed using the optimized
spectral ranges. Acetaldehyde is represented by red circles, acetonitrile by
green x’s, ammonia by blue asterisks, ethanol by magenta triangles, methanol
by yellow squares, propionaldehyde by inverted black triangles, propionitrile
by red diamonds, and water vapor by green +’s. The ideal line is shown as a
solid blue line with a slope of 1.
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Figure VI-6. Concentration correlation for CLS models using the optimized spectral
range and DFF pre-processing. Acetaldehyde is represented by red circles,
acetonitrile by green x’s, ammonia by blue asterisks, ethanol by magenta
triangles, methanol by yellow squares, propionaldehyde by inverted black
triangles, propionitrile by red diamonds, and water vapor by green +’s. The
ideal line is shown as a solid blue line with a slope of 1.



214

800

700

600

500

400

300

200

Predicted Concentration (ppm)

100

_100 L L L L L L L I
0 100 200 300 400 500 600 700 800
Reference Concentration (ppm)

Figure VI-7. Concentration correlation for PLS regression models constructed with the
full spectral range. Acetaldehyde is represented by red circles, acetonitrile by
green x’s, ammonia by blue asterisks, ethanol by magenta triangles, methanol
by yellow squares, propionaldehyde by inverted black triangles, propionitrile
by red diamonds, and water vapor by green +’s. The ideal line is shown as a
solid blue line with a slope of 1.
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Figure VI-8. Concentration correlation for PLS regression models constructed with the
optimized spectral range. Acetaldehyde is represented by red circles,
acetonitrile by green x’s, ammonia by blue asterisks, ethanol by magenta
triangles, methanol by yellow squares, propionaldehyde by inverted black
triangles, propionitrile by red diamonds, and water vapor by green +’s. The
ideal line is shown as a solid blue line with a slope of 1.
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Figure VI-9. Concentration correlation for PLS models constructed with the optimized
spectral range and DFF parameters. Acetaldehyde is represented by red
circles, acetonitrile by green x’s, ammonia by blue asterisks, ethanol by
magenta triangles, methanol by yellow squares, propionaldehyde by inverted
black triangles, propionitrile by red diamonds, and water vapor by green +’s.
The ideal line is shown as a solid blue line with a slope of 1.
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regressions, as improvements will only be observed if a given filter enhances the SNR at
the wavelength points selected for regression. This explains the mixed results when
comparing the linear regression models constructed with the unprocessed spectra to those
of the regression models constructed with DFF pre-processed spectra.

The possibility of improvement of linear regression model precision exists, as
evidenced by some values in the first two columns of Table VI-6 and the first column of
Table VI-8, though some results suggest the possible need for simultaneous filter
parameter and regression wavelength point optimization. Were the frequency points
selected for regression and DFF parameters optimized concurrently, wavelength points
might be selected at which higher SNRs are available. However, due to inherent
limitations of the linear regression algorithm, no further efforts were expended towards
improvement of the linear regression models.

Errors of prediction were below the PELs for each species when using the raw
spectra or filtered spectra, and are improved significantly for almost all species when
using wavenumber selection or DFF/wavenumber selection with the multivariate
methods. Insignificant improvement is seen in the analyses of water vapor absorption
spectra when different processing methods are compared, as shown in Table VI-8. This
may be the result of variability in the concentration of water vapor present in the gas cell
as a result of small leaks or adsorption, making spectral variance a less-significant
contributor to the total error in the measurement.

Similar trends may be found amongst the errors of prediction obtained with CLS
and PLS models. Predictive performance improved significantly when optimized
wavenumber ranges were used for calibration and prediction, and the optimized ranges
are primarily focused in the spectral regions in which a high SNR is available for the
respective analyte. Further improvement was observed for most species when DFF was
used for pre-processing, though the improvement was not significant in all cases as

indicated by values in Table VI-8. These spectra were also used to calculate the
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multivariate SNR and LOD as described in Chapter III. The background matrix for the
figures of merit consisted of vectors representing instrumental variance, which were the
first five principal components of the hundred percent lines collected at the start of each
day of data acquisition. Significance of each principal component was evaluated via the
F-test. Figures of merit were calculated based on the parameters used for PLS cross-
validation and are tabulated in Tables VI-9 and VI-10.

The calculated figures of merit generally follow the trends in the errors of
prediction from one species to another. When a high CVSEP was observed, a similarly
poor LOD was calculated, and a correspondingly-low SNR resulted. The LOD calculated
for water vapor is relatively poor despite its high absorptivity in this frequency range,
which results from leaks in the sample handling system. As mentioned previously, the
background matrix is constructed with principal components from hundred percent lines.
The spectra were collected with the cell and sampling system under vacuum to remove
species from the system, but the decreased pressure causes water vapor features to
become sharpened, and the sensitivity is increased. Overlap of the analyte features, i.e.
the water vapor added during sample analysis with those of the background, i.e. water
vapor leaking into the system, results in a poorer multivariate LOD due to the decreased
magnitude of the By s.

As mentioned in Chapter I1II, the efficacy of PLS regression models may be
evaluated by comparing the PLS regression vector with that of the NAS algorithm.
Representative vectors are displayed in Figures VI- 10 through VI-15 for water and
methanol pure component samples. In general, the regression vectors constructed with
the full spectral range exhibited great similarity in shape, but not magnitude. PLS models
for all compounds produced regression coefficients lower than those of the NAS models
when using the full spectral range. Vectors calculated using the optimized spectral
ranges show similar spectral shapes and differing magnitudes as with the full spectral

range. However, vectors calculated using the DFF pre-processed spectra are very
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Table VI-9. The multivariate SNR calculated for each species of interest using the
wavenumber bounds and filter parameters obtained from optimization of PLS
regression models.

Species Raw WN DFF
CH;CHO 13.6 19.7 19.9
CHsCN 18.1 24.2 20.4
NH; 35.5 42.1 39.1
CH5CH,0OH 11.2 23.6 13.0
CH5OH 143 18.6 31.2
CH5CH,CHO 14.9 18.9 20.5
CH5CH,CN 16.3 19.5 23.7
H,0 28.3 38.6 24.4

Table VI-10. The multivariate LOD (in ppm) calculated for each species of interest using
parameters obtained from optimization of PLS regression models.

Species Raw WN DFF
CH3;CHO 63.9 44.6 44.0
CH3CN 46.5 35.9 42.5
NH; 29.1 26.6 29.0
CH3CH,0H 73.0 32.0 57.7
CH5OH 75.1 55.8 32,6
CH5CH,CHO 64.5 47.6 44.9
CH5CH,CN 59.6 50.7 41.5
H,0 35.7 28.0 45.1

different from those of the other two models. When comparing vectors calculated for the
strongest absorbers (water and ammonia gases), the shape and magnitude of the

regression vectors exhibit less agreement than for the weaker absorbers, which may
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explain the miniscule change in the CVSEP between PLS models constructed using the
optimized wavenumber range and DFF pre-processed spectra for the strong absorbers.
Excellent agreement is observed between the regression vectors calculated for the weak
absorbers when DFF pre-processing is utilized. Fair agreement is seen in the
comparisons of the regression vectors, with some spectral noise superimposed on the
analyte features.

For some species (acetonitrile, ammonia, ethanol, and water vapors), the
multivariate LOD is higher for digital filtered spectra relative to the wavenumber-
optimized models, despite diminished errors of prediction. The cause of this change
becomes apparent when comparing absorption spectra of the analyte and background
before and after DFF pre-processing, as presented for ethanol in Figures VI-16 and VI-
17. Digital filtering with the optimized values produces a spectrum in which the
magnitude of the analyte features is not much greater than the magnitude of the
background variance, whereas the difference in magnitude is much greater in the
unprocessed spectra. As a result, the multivariate LOD is worse. This is thought to be
purely an artifact of the LOD calculation method, as the regression coefficient vectors of
the corresponding PLS and NAS models appear to be similar in shape and magnitude, as
depicted in Figure VI-18. It is worth noting that the magnitude and to a lesser extent the
shape of the regression vectors will not be identical between the two regression vectors in
practice because the assumed background contributors and actual background

contributors are never exactly the same between data sets.

Conclusions
Errors of prediction calculated with various chemometric algorithms suggest the
utility of the THz-TDS for atmospheric measurements. Despite the short path length
(7.78 cm), appreciable sensitivity is achieved and each analyte molecule is quantified to

ppm precision. Several CVSEP values are also well below the PELs defined by OSHA.
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Figure VI-10. NAS and PLS regression vectors constructed with the full spectral range
from water vapor spectra.
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Figure VI-11. NAS and PLS regression vectors constructed with the full spectral range
from methanol vapor spectra.
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Figure VI-12. NAS and PLS regression vectors constructed with the optimized spectral
range from water vapor spectra.
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Figure VI-13. NAS and PLS regression vectors constructed with the optimized spectral
range from methanol vapor spectra.
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Figure VI-14. NAS and PLS regression vectors constructed with the DFF pre-processed
water vapor spectra.
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Figure VI-15. NAS and PLS regression vectors constructed with the DFF pre-processed
methanol vapor spectra.
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Figure VI-16. Mean absorption spectrum of ppm-range ethanol samples (blue) and
spectra of background variance (black) without pre-processing.
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Figure VI-17. Mean absorption spectrum of ppm-range ethanol samples (blue) and
spectra of background variance (black) with DFF pre-processing.
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Figure VI-18. Regression coefficient vectors for PLS and NAS models constructed with
DFF-processed ethanol absorption spectra.

Wavenumber selection and DFF pre-processing provided significant improvement
in the quantitative performance of the predictive models for most analytes. The PLS
algorithm typically provided the lowest error of prediction when quantitation was
performed with the full spectral range and with the optimized wavenumber range, but
CLS and PLS provide similar performance with weakly-absorbing species when DFF
pre-processing is used in combination with wavenumber selection. The errors of
prediction for acetonitrile with wavenumber optimization and digital filtering are
comparable to the propagated reference error. Agreement was observed between
regression vectors calculated for PLS and NAS quantitative models, except for models
constructed with DFF pre-processing of the absorption spectra of water vapor and
ammonia, indicating selectivity of these models against background variance.
Wavenumber optimization is expected to be sufficient for improvement of the

quantitative models for H,O and NH.
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Pure Components at Part-Per-Thousand Concentrations

Though often used to represent concentrations on the order of parts-per-trillion,
the ppt designation is used here to represent concentrations on the order of parts-per-
thousand. One would not expect to find polluting species in the atmosphere at this
concentration except in the worst of scenarios, but quantitation of these samples
demonstrates the linear range for each compound. Nearly all published accounts of
quantitative efforts based on THz-TDS measurement describe work in this concentration

range.

Experimental
Reference concentrations represent the fractional pressure of the analyte, as

calculated from pressure readings using Equation VI-5.

Panalyte) (Pfinal) Equation VI-5

Cppp = 1X 103(
ppt Ptotal

P total

The concentration (C,,;) may be determined by dividing the measured pressure of the
analyte (Pynqiyte) by the total pressure (Pyytq;), Which was near one atm. This is the
single-measurement method mentioned in the previous section. Samples may not be
prepared at the ppt concentration level using the dilution procedure, as liquid analytes
injected into the manifold will condense as the saturation pressure is approached. The
final pressure for each sample was also adjusted using the volume adjustment mentioned
in the previous section. Propagated error may be calculated using Equation VI-3, where
the numerator of each relative error term is defined by Equation VI-4. Samples were
prepared such that correlation was minimized between analyte concentration and
collection sequence so systematic instrumental variance would not correlate with the

analyte. The following steps were followed for sample preparation and data acquisition:
1. Reference
a. evacuate system (0.0 Torr)
b. add N, gas (760.0 Torr)
c. collect reference spectrum
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2. Sample
a. evacuate system (0.0 Torr)
b. add analyte (various pressures, Pgnaiyte)
c. add N; gas (~ 760.0 Torr, Prytrar)
d. adjust overall pressure (760.0 Torr, Pfinq;)
e. collect sample spectrum

Reference and sample spectra were collected in an alternating fashion such that
each sample spectrum was referenced from a unique spectrum collected with 760 Torr of
nitrogen. Spectral processing and quantitative analysis were performed in a manner
consistent with the ppm-range samples. Parameters were optimized for the ppt-range
samples, and quantitative analysis was also performed with the optimized parameters
from the ppm-range samples, denoted in tables by the subscript “ppm”. Samples were
prepared in a sequence which reduced the correlation between the sample number and the
analyte concentration as with ppm-range samples. Table VI-11 lists the conditions and

statistics for samples prepared with each analyte.

Results

Optimized digital filter parameters for linear regressions are tabulated in Table
VI-12. The parameters are different than those obtained for the ppm-range samples of
most species. Such changes arise as a result of changing digital frequency content in the
spectral data. As the analyte concentrations increase, self-broadening increases. This
increasing of peak widths will be manifested as increased magnitude in the low-
frequency end of the digital frequency spectrum. The change in digital filters from the
ppm-range to ppt-range data sets is illustrated in Figure VI-19. Optimized filter
parameters do remain fairly consistent in some for some species, but the change was
fairly large for ethanol, methanol, and water vapor samples.

Trends in optimized parameters used for CLS and PLS regression models are
similar to those of the ppm-range samples, as shown in Tables VI-13 and VI-14.

Optimized spectral ranges are fairly different for the strongest absorbers when comparing
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the two concentration ranges. This can be attributed to the high absorptivity of these
compounds at the high-frequency end of the recorded THz spectra. At such high
concentrations, spectral peaks in this end of the spectrum tend to exceed the linear range
of the instrument, and the precision of quantitative models including these regions is
diminished. As a result, the NMS moves the spectral range toward the low-frequency
end where the absorptivity is lower and the precision is enhanced. It is this, in
combination with changing digital frequency content which results in diminished
predictive ability when ppt-range samples are processed and quantified using the
optimized parameters developed with ppm-range spectral data. Predictive errors from
models constructed with optimized parameters approach the propagated reference
concentration errors listed in Table VI-18, indicating good linearity in the instrument
response. Concentration correlation plots shown in Figures VI-20 through VI-27
illustrate the precision available with various quantitative models.

Diminished precision is observed in quantitative models developed using the full
spectral range for many of the species. Scatter about the ideal line is not so remarkable
for the ppt-range samples, especially when compared to the ppm-range quantitative
models. Enhanced precision is still somewhat visible when comparing the concentration
correlation plots from un-optimized models to those developed with the optimized
spectral range and/or DFF parameters. Distinct non-linearity is visible for un-optimized
models for ammonia and water vapor samples, likely a result of analyte-related
absorption exceeding the linear range of the THz-TDS. Samples with higher
concentrations than those shown on the concentration correlation plots were excluded
because of non-linearity observed in the spectra prior to construction of the quantitative
models. Further investigation of PLS models revealed some similarities with those of the
ppm-range samples. Representative PLS regression vectors are overlaid with

corresponding NAS regression vectors in Figures VI-28 through VI-33.
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Table VI-11. Part-per-thousand sample set conditions and statistics. Correlation coefficients represent the correlation between sample
concentrations and collection sequence.

Species No. Samples Cin (ppt) Crax (PPT1) Crnean (ppt) R’ T(°C)? Psinal (torr)?
CH;CHO 13 1.2 48.9 15.0 2.4E-05 23.8+0.2 7604 +1.5
CH5;CN 15 1.0 37.7 14.8 8.1E-06 23.7+0.2 761 %1
NH; 15 1.3 33.8 13.9 2.2E-04 23.7+0.2 761 %1
CH3CH,0H 13 0.8 23.5 10.3 9.8E-06 23.7+0.3 760.3+0.7
CH;OH 12 4.0 66.5 32.2 1.4E-02 23.4+0.2 761+2.1
CH;CH,CHO 12 1.2 37.7 12.8 4.3E-03 23.8+0.2 760.0+0.1
CH5CH,CN 12 0.5 24.5 10.2 7.7E-04 23.8+0.2 760.7+1.3
H,0 11 1.1 12.9 7.3 4.5E-03 23.6+0.3 760.3 £ 0.7

1: Correlation between sample concentrations and collection sequence.

2: Mean + standard deviation of measured sample temperatures and final pressures of all samples.
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Table VI-12. Digital filter parameters used for linear regressions with ppt-range sample

spectra.
Species DFF
Filter p* Filter width'
CHsCHO 0.1149 0.0426
CHsCN 0.0039 0.0032
NH; 0.0052 0.0105
CH5CH,0OH 0.0037 0.0024
CH;OH 0.0051 0.0049
CH5CH,CHO 0.0041 0.0032
CH5CH,CN 0.0057 0.0085
H,0 0.0049 0.0049

1: Digital frequency units.

Table VI-13. Parameters used for CLS quantitative models constructed with ppt-range
sample spectra.

Species WN DFF
WNio' | WNpg' | Filter u? Filter width® | WNio' | WNpig'

CH5CHO 0.0 20.0 0.0677 0.0298 6.9 40.3
CH5CN 31.6 60.5 0.1330 0.0347 44.4 63.7
NH; 20.0 40.0 0.0071 0.0140 17.1 51.7
CH5CH,0H 17.4 37.4 0.0185 0.0145 9.6 31.7
CHsOH 20.2 40.2 0.0049 0.0049 5.0 70.0
CH5CH,CHO 10.1 30.1 0.0063 0.0020 15.5 41.5
CH5CH,CN 12.7 41.4 0.0088 0.0072 18.6 38.9
H,0 16.3 36.3 0.0049 0.0049 14.0 55.0

1: Wavenumber units (cm™).

2: Digital frequency units.



Table VI-14. Parameters used for PLS quantitative models constructed with ppt-range sample spectra.

Species Raw WN DFF
#LV' | WNiw” | WNpgn’ LV' | Filter u® | Filter width® | WNy,” | Wnyg’ | #LV'

CH5CHO 1 7.0 27.0 1 0.074 0.008 35.5 68.2 1
CH5CN 30.3 51.4 1 0.111 0.047 0.0 116.8 1
NH; 2 34.2 54.2 2 0.010 0.015 42.7 62.9 2
CH5CH,OH 1 1.0 21.0 2 0.001 0.001 5.3 23.3 2
CH;OH 1 16.8 36.8 1 0.005 0.005 9.4 68.0 1
CH3CH,CHO | 2 0.0 20.0 1 0.008 0.004 20.1 40.3 1
CH3CH,CN 1 10.7 30.7 1 0.010 0.005 12.2 46.1 2
H,0 1 7.0 90.3 2 0.006 0.005 75.0 88.5 2

1: Number of latent variables.

2: Wavenumber units (cm™).

3: Digital frequency units.
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Table VI-15. Error of prediction from linear regression models, given in units of ppt.

Species Raw (mean)* DFF (mean)* DFFpom (mean)?
CH3CHO 0.4 0.2 4.8
CH;CN 1.0 0.3 5.2
NH; 4.7 13 8.2
CH3CH,0H 0.8 0.5 0.5
CH3OH 1.5 0.8 1.6
CH3CH,CHO 0.4 0.4 0.4
CH5CH,CN 0.7 0.7 0.7
H,0 2.8 0.5 4.4

1: Results obtained with optimized parameters.

2: Results obtained using optimized parameters from ppm-range samples.

Table VI-16. Error of prediction from CLS models, given in units of ppt.

Species Raw’ WN* WN,om DFF' DFFpom’
CHsCHO 0.2 0.2 0.3 0.1 5.2
CHsCN 0.5 0.2 0.5 0.6 6.4
NH; 4.6 0.3 4.5 0.1 3.5
CH;CH,OH 0.6 0.5 0.6 0.4 0.7
CH;OH 1 0.9 1 0.7 1.8
CH5CH,CHO 0.6 0.4 0.4 0.2 0.2
CH5CH,CN 0.7 0.5 0.6 0.5 0.5
H,0 1.1 0.3 0.3 0.2 0.5

1: Results obtained with optimized parameters.

2: Results obtained using optimized parameters from ppm-range samples.
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Table VI-17. Error of prediction from PLS models, given in units of ppt.

Species Raw WN* WN o’ DFF* DFFpom’
CHsCHO 0.2 0.2 0.2 0.1 4.8
CH5CN 0.4 0.2 0.3 0.2 2.6
NH; 1.5 0.1 1.3 0.1 1.2
CHsCH,0H 0.5 0.2 0.2 0.2 0.4
CHsOH 0.8 0.8 0.8 0.6 1.5
CH5CH,CHO 0.3 0.4 0.4 0.2 0.3
CH3CH,CN 0.7 0.6 0.6 0.3 0.3
H,0 0.6 0.2 0.2 0.2 0.3

1: Results obtained with optimized parameters.

2: Results obtained using optimized parameters from ppm-range samples.

Table VI-18. Mean propagated reference concentration error (in ppt) for ppt samples.

Species Mean ref. error
CH;CHO 0.19
CHsCN 0.19
NH3 0.19
CH5CH,0OH 0.19
CH;OH 0.20
CH5;CH,CHO 0.19
CH5CH,CN 0.19
H,0 0.19
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Figure VI-19. Optimized digital frequency filters for the species of interest. Filters
generated for ppm-range samples are shown in dotted lines, and those
developed for ppt-range samples are shown with solid lines. All filters have
magnitudes very near zero at digital frequencies above 0.17.
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Figure VI-20. Concentration correlation plot from linear regression models using un-
processed spectra. Acetaldehyde is represented by red circles, acetonitrile by
green x’s, ammonia by blue asterisks, ethanol by magenta triangles, methanol
by yellow squares, propionaldehyde by inverted black triangles, propionitrile
by red diamonds, and water vapor by green +’s. The ideal line is shown as a
solid blue line with a slope of 1.
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Figure VI-21. Concentration correlation plot from linear regression models using DFF
pre-processing. Acetaldehyde is represented by red circles, acetonitrile by
green x’s, ammonia by blue asterisks, ethanol by magenta triangles, methanol
by yellow squares, propionaldehyde by inverted black triangles, propionitrile
by red diamonds, and water vapor by green +’s. The ideal line is shown as a
solid blue line with a slope of 1.
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Figure VI-22. Concentration correlation plot from CLS regression models using the full
spectral range. Acetaldehyde is represented by red circles, acetonitrile by
green x’s, ammonia by blue asterisks, ethanol by magenta triangles, methanol
by yellow squares, propionaldehyde by inverted black triangles, propionitrile
by red diamonds, and water vapor by green +’s. The ideal line is shown as a
solid blue line with a slope of 1.
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Figure VI-23. Concentration correlation plot from CLS regression models using the
optimized spectral ranges. Acetaldehyde is represented by red circles,
acetonitrile by green x’s, ammonia by blue asterisks, ethanol by magenta
triangles, methanol by yellow squares, propionaldehyde by inverted black
triangles, propionitrile by red diamonds, and water vapor by green +’s. The
ideal line is shown as a solid blue line with a slope of 1.
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Figure VI-24. Concentration correlation plot from CLS regression models using DFF
pre-processing with wavenumber optimization. Acetaldehyde is represented
by red circles, acetonitrile by green x’s, ammonia by blue asterisks, ethanol by
magenta triangles, methanol by yellow squares, propionaldehyde by inverted
black triangles, propionitrile by red diamonds, and water vapor by green +’s.
The ideal line is shown as a solid blue line with a slope of 1.



240

70

60

50

40

30

20

Predicted Concentration (ppt)

=
o
T

0 10 20 30 40 50 60 70
Reference Concentration (ppt)

Figure VI-25. Concentration correlation plot from PLS regression models using the full
spectral range. Acetaldehyde is represented by red circles, acetonitrile by
green x’s, ammonia by blue asterisks, ethanol by magenta triangles, methanol
by yellow squares, propionaldehyde by inverted black triangles, propionitrile
by red diamonds, and water vapor by green +’s. The ideal line is shown as a
solid blue line with a slope of 1.
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Figure VI-26. Concentration correlation plot from PLS regression models using the
optimized spectral ranges. Acetaldehyde is represented by red circles,
acetonitrile by green x’s, ammonia by blue asterisks, ethanol by magenta
triangles, methanol by yellow squares, propionaldehyde by inverted black
triangles, propionitrile by red diamonds, and water vapor by green +’s. The
ideal line is shown as a solid blue line with a slope of 1.
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Figure VI-27. Concentration correlation plot from PLS regression models using DFF
pre-processing with wavenumber optimization. Acetaldehyde is represented
by red circles, acetonitrile by green x’s, ammonia by blue asterisks, ethanol by
magenta triangles, methanol by yellow squares, propionaldehyde by inverted
black triangles, propionitrile by red diamonds, and water vapor by green +’s.
The ideal line is shown as a solid blue line with a slope of 1.
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Figure VI-28. NAS and PLS regression vectors constructed with the full spectral range
from ammonia vapor spectra.
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Figure VI-29. NAS and PLS regression vectors constructed with the full spectral range
from acetonitrile vapor spectra.
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Figure VI-30. NAS and PLS regression vectors constructed with the optimized spectral
range from ammonia vapor spectra.
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Figure VI-31. NAS and PLS regression vectors constructed with the optimized spectral
range from acetonitrile vapor spectra.
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Figure VI-32. NAS and PLS regression vectors constructed with the DFF pre-processed
ammonia vapor spectra.
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Figure VI-33. NAS and PLS regression vectors constructed with the DFF pre-processed
acetonitrile vapor spectra.
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Similar trends were observed in some cases when comparing the regression
vectors calculated for ppt-range samples with those calculated for ppm-range samples.
Regression vectors calculated from the full spectral range are of similar magnitude and
shape. When comparing those calculated in the optimized wavenumber region, PLS
regression vectors are of much lower magnitude than the corresponding NAS vector for
weakly-absorbing species. Vectors calculated for strong absorbers using the optimized
spectral range are closer in magnitude. Regression vectors calculated for DFF pre-
processed spectra showed poor agreement for strong absorbers, as in the case of the ppm-
range samples. Agreement between vectors for weak absorbers varied from one species
to another, with some showing excellent agreement (acetonitrile, propionitrile, and
acetaldehyde), fair agreement (propionaldehyde, ethanol), or in one case poor agreement
(methanol). This is thought to be a result of the significant change in THz absorption
from low to high ppt-level concentrations, as optimized filter parameters of some species

changed between the ppm and ppt-range sample sets.

Conclusions

Quantitative procedures carried out with the ppt-range samples yield similar
results to those analyzed in the ppm concentration range. Errors of prediction are near
the propagated reference error for several species of interest, and wavenumber selection
and digital filtering provide significant improvement in the predictive performance of
quantitative models. Analysis of these samples reveals the breadth of the linear range
available with this method: it covers approximately 3 orders of magnitude in
concentration. For some samples, the upper limit in the ppt range is the result of physical
phenomena rather than instrumental limitations as the highest concentrations are close to
the saturation pressure in some cases. The breadth of the linear range is also dependent
on the selected frequency range and filter parameters. Thus, for successful

implementation of THz-TDS for atmospheric measurements, some general knowledge of
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the atmospheric composition may be required such as the order of magnitude of the
concentration of the species of interest. Measurement path length may also be altered to
achieve a different linear range: short paths will provide good linearity to high
concentrations and long path lengths will provide linearity to low concentrations,
according to the Beer-Lambert law.

The change of optimal DFF parameters between concentration ranges as well as
the disparity between NAS and PLS regression vectors calculated for models developed
with DFF pre-processed spectra suggest the need for further examination and
development of the filters used for pre-processing when species must be quantified across
a large concentration range. Disparity between the vectors suggests a lack of
orthogonality in the PLS model, which may have an adverse effect on the method’s
chemical selectivity. Improved filters may be developed by more thorough optimization
procedures such as grid search. Furthermore, the complexity of analyte digital frequency
spectra may warrant the use of more complex filters which are not limited to a single
pass-band. According to the uncertainty principle illustrated in Chapter II, the frequency
domain bandwidth of a short time-domain pulse is correspondingly broad. Thus, for
species exhibiting sharp, sparse spectral features (such as ammonia or water), digital
filtering of spectra collected with the analytes present at high concentrations may be
improved by incorporation of a broad band-pass digital filter. In-depth analysis of the
digital frequency spectra may reveal more useful regions which provide improved PLS

model orthogonality.
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CHAPTER VII
QUANTITATIVE ANALYSIS OF SAMPLE MIXTURES

Eight-Component Sample Mixtures at 1 atm Total Pressure

To this point, the compounds of interest were analyzed individually. While those
experiments represent a good initial step in the determination of the feasibility of the
proposed measurement, they are far from representative samples. A far more likely
scenario is one in which multiple species are present in the sampled volume of gas. The
next set of experiments involved the preparation and analysis of samples which consisted
of up to all eight of the species of interest with an overall sample pressure of 1 atm.
Robustness of the measurement and quantitative models may be seen in the level of

precision achieved despite significant spectral overlap between many of the species.

Experimental

Stock mixtures of each analyte were prepared as described in the ppm-range pure
component analyses using the apparatus described in Chapter VI. Mixtures of nitrogen
and individual species of interest were prepared and retained in the flasks connected to
the mixing manifold. Reference spectra were collected with nitrogen at 1 atm as before.
During preparation of samples, a portion of each analyte was released into the manifold
in a serial-addition process. The propagated error is calculated in a fashion similar to the
ppm-range pure components, except that the error for each pressure reading after addition
of stock mixture is determined in part by the pressure reading of the previous mixture (if
applicable).

Samples were added to the mixture in a particular order. Stock gases were added
from propionaldehyde to ammonia following the order of species on the left side of Table
VII-1. As such, species with high molecular weights were added first, followed by those
of decreasing weights. Addition was performed in this manner to reduce error which

might have resulted from effusion of light species into the storage flasks containing
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mixtures with species having higher molecular weights. Steps involved in sample

preparation are described in the following list.
1. Stock mixtures
a. evacuate system (0.0 Torr)
b. insert analyte (various pressures)
c. add N; (~760.0 Torr)
d. retain mixture in flask
e. repeat for each species of interest
2. Reference
a. evacuate system (0.0 Torr)
b. add N, (760.0 Torr)
c. collect reference spectrum
3. Sample
evacuate system (0.0 Torr)
add stock mixtures (various pressures, repeat for each analyte)
add N, (~760.0 Torr)
adjust volume (760.0 Torr)
collect sample spectrum

© e o

Reference and sample spectra were acquired in an alternating fashion such that
each sample spectrum had its own unique reference spectrum. As with the pure
component analyses, sample concentrations were prepared such that correlation with
collection sequence was minimized. Furthermore, correlation between concentration of
the species of interest was reduced so the features of interfering species would not
correlate with the analyte. Table VII-1 provides the R* correlation coefficients, where the
diagonal elements of the matrix (highlighted in gray) represent the correlation between
analyte concentrations and collection sequence, whereas the off-diagonal elements
represent the correlation between a given species and the respective interfering
compound. Only the lower triangular portion is displayed in this table because the matrix
1s symmetrical about the diagonal elements and values in blacked-out cells would be
identical to those shown in the lower-left half of the matrix. The small values indicate
low levels of correlation. Correlation coefficients on the diagonal tend to be larger than

those off the diagonal, as preparation of samples without correlation in all cases was
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challenging. Though efforts were made to reduce all correlation, higher values were
allowed for analyte-sequence correlation as this was expected to have a lesser impact on
the predictive ability of the quantitative models.

Spectra were calculated with SCA-processed signals with 4xN signal length after
extension. Baseline correction was carried out by subtracting the mean of the 2.72 to 4
cm’’ baseline region from the entire spectrum. While there is some absorption in this
portion of the spectrum, it is relatively weak, making this region suitable for this purpose.
Only the PLS algorithm was used for quantitative analysis, due to its superior
performance with pure component samples and inherent analytical benefits. The three
methods (full range, optimized range and optimized DFF and wavenumber range) were
evaluated for PLS cross-validation with each compound of interest. A total of 55
samples were prepared and analyzed in the temperature range of 23.9 + 0.2 °C at final
pressures of 760.3 + 1.1 Torr. Concentration ranges for each analyte are provided in

Table VII-2.

Results

Spectral data acquired with these samples is displayed in Figure VII-1. Overlap
between species prevents observation of distinct features attributable to most species.
Features of water vapor, acetonitrile, and acetaldehyde are perhaps the most apparent.
Spectral noise dominates the extremities of the plotted frequency range. Parameters
selected for each PLS regression model are listed in Table VII-3, and the resultant
CVSEP values are provided in Table VII-4. Optimized parameters vary from those of the
pure components, but still center on spectral regions containing the strongest spectral
features. The number of latent variables required for each regression model has increased
as 1s expected for complex mixtures, and the number used for each species exhibits some
correlation with the sensitivity for each analyte when considering the parameters chosen

for wavenumber-optimized models. Weakly-absorbing species tend to require additional
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Table VII-1. Correlation between reference concentrations for analyte-interferent pairs and analyte-sequence pairs. Values on the
diagonal (highlighted in gray) represent analyte-sequence correlation, whereas values off the diagonal represent analyte-
interference correlation.

R? CH;CH,CHO CH;CH,CN CH;CH,OH
CH;CH,CHO 1.8E-03
CH;CH,CN 1.5E-03
CH;CH,OH 1.5E-02
CH,;CHO 3.2E-03
CH;CN 6.5E-05
CH;0H 8.1E-05
H,0 9.1E-03
NH; 9.0E-04
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latent variables to produce improved quantitative models. This trend is no longer visible
in the DFF-processed spectra, which is a result of the elimination of non-analyte variance
by the filter.

The error of prediction was calculated for all PLS models constructed with
varying numbers of latent variables, shown in Figures VII-2 through VII-4. Significant
latent variables were determined using the F-test as described previously. These traces
not only provide information related to the significance of each latent variable, but also
provide a general idea of the relative magnitudes of non-analyte and analyte-related
variance in the models. A slow decrease in the CVSEP is observed in instances where
the analyte variance is relatively small compared to the non-analyte variance, a trend
observed in Figure VII-2. A great deal of instrumental noise and features of interfering
species are included in the PLS model when utilizing the spectral range. Conversely, the
CVSEP approaches a minimum value with inclusion of fewer latent variables when the
wavenumber range is optimized or when DFF pre-processing is implemented, since
features of the analyte become more prominent compared to other sources of spectral
variance.

Errors of prediction were below the PELSs for all species, and wavenumber
optimization consistently provided significant improvement in the precision of the
quantitative model when compared to models constructed using the full spectral range.
Likewise, DFF pre-processing (combined with wavenumber optimization) reduced the
variability of the regressions when compared to models utilizing the entire spectrum.
Pre-processing with DFF did not consistently provide significant improvement when
compared to models using only wavenumber optimization; increased precision was only
observed in quantitative models constructed for two of the weakest absorbers: ethanol
and propionaldehyde. The errors of prediction obtained with PLS regression models
using the full spectral range are nearly equal to the standard deviation of the reference

concentrations, indicating minimal predictive ability.
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Analyte concentrations predicted by the various PLS models are plotted as a
function of the reference concentration in Figures VII-5 through VII-7. Each of the 55
samples is represented in these plots by 8 points: 1 for each analyte in the sample
mixture. Scatter of the points about the ideal line is indicative of the precision of the
regression model, where greater scatter represents poorer precision. The ideal line itself
is a line with a slope of 1, representing a situation in which the predicted concentration of
the analyte in a given sample is exactly equal to the reference concentration of the
analyte. CVSEP values are related to this scatter; high CVSEP values will result from
high scatter and vice versa. A high degree of scatter about the ideal line can be seen in
the concentration correlation plot for regressions constructed using the full spectral range,
as expected based on the CVSEP values listed in the first column of Table VII-4. Far less
scatter is observed in the concentration correlation plots from PLS models constructed
with optimized wavenumber bounds and DFF parameters, which is reflected by the
correspondingly-low errors of prediction listed in the second and third columns of Table
VII-4.

The performance of these quantitative models was also investigated by analysis of
the residuals of prediction, shown in Figures VII-5 through VII-10. Residuals calculated
from the PLS models using the full spectral range show a fairly significant linear trend.
The magnitude of the residuals is very large, spanning a range of about -300 ppm to 400
ppm. Conversely, the prediction residuals calculated with PLS models utilizing the
optimized spectral range and digital filtering show no significant trends. Moreover, the
magnitude of these residuals is diminished, providing evidence of improved quantitative
precision. Figures VII-8 through VII-10 were constructed with residuals of analyte
species plotted as a function of the respective reference concentrations. Correlation
between the residuals of the analyte and the concentration of an interfering species can

provide further information about model selectivity or reactivity between species.
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Correlation coefficients are shown for each of the three PLS models in Tables VII-6

through VII-8.

Table VII-2. Concentration statistics for each compound of interest in the §-component

sample mixtures.

SpE‘CiES Cmean (ppm) Cmin (Ppm) Cmax (ppm)
CHsCH,CHO 289 £ 183 0 760
CH3CH,CN 244 + 145 0 545
CH5CH,0H 207 £152 0 558
CHsCHO 243 £ 135 0 485
CHsCN 243 £ 142 0 498
CH5OH 262 £ 167 0 580
H,0 303 £ 160 49 659
NH3 213 +£135 0 536
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Figure VII-1. Spectra collected with ppm-range mixtures of the 8 species of interest.
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Figure VII-2. Errors of prediction calculated with PLS models constructed with different
numbers of latent variables using the full spectral range. Propionaldehyde is
represented by red circles, propionitrile by green x’s, ethanol by blue stars,
acetaldehyde by magenta triangles, acetonitrile by black squares, methanol by
red inverted triangles, water by green diamonds, and ammonia by blue +’s.
The appropriate number of latent variables is indicated by a star for each
analyte.
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Figure VII-3. Errors of prediction calculated with PLS models constructed with different
numbers of latent variables using the optimized spectral range.
Propionaldehyde is represented by red circles, propionitrile by green x’s,
ethanol by blue stars, acetaldehyde by magenta triangles, acetonitrile by black
squares, methanol by red inverted triangles, water by green diamonds, and
ammonia by blue +’s. The appropriate number of latent variables is indicated
by a star for each analyte.
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Figure VII-4. Errors of prediction calculated with PLS models constructed with different
numbers of latent variables using the optimized spectral range and DFF
parameters. Propionaldehyde is represented by red circles, propionitrile by
green x’s, ethanol by blue stars, acetaldehyde by magenta triangles,
acetonitrile by black squares, methanol by red inverted triangles, water by
green diamonds, and ammonia by blue +’s. The appropriate number of latent
variables is indicated by a star for each analyte.



Table VII-3. Parameters used for PLS cross-validation with 8-component mixtures. Optimized values are provided for each

calibration method.

Species RAW WN WN, DFF
LV | WNe? WNigr? | #LV' | Filter 13 Filter WNiow? WNign? | #LV
width

CH3CH,CHO 1 10.0 30.0 8 0.0749 0.0278 10.9 32.8 8
CH3CH,CN 1 20.4 75.1 7 0.1325 0.0496 10.8 42.4 4
CH;CH,OH 1 15.0 45.0 11 0.1007 0.0360 10.0 30.0 10
CH;CHO 1 4.9 417 10 0.0931 0.0361 5.3 25.3 6
CH3CN 1 5.0 70.0 7 0.2488 0.0933 9.6 58.6 3
CH;OH 1 24.3 66.0 7 0.0506 0.0287 18.8 63.6 3
H,0 1 22.7 61.8 3 0.0707 0.0549 18.6 60.3 2
NH, 2 22.9 73.3 3 0.4474 0.2010 22.7 61.8 4

1: Number of latent variables.
2: Wavenumber units (cm™).

3: Digital frequency units.
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Table VII-4. Errors of prediction (in ppm) from PLS regression models using different
processing methods.

Species Raw WN WN, DFF PEL
CH5CH,CHO 193 90 73 NA
CH5CH,CN 188 70 52 NA
CH;5CH,0OH 170 27 19 1000

CH5CHO 156 8 8 200

CH;CN 131 5 4 40

CH;OH 164 7 7 200

H,0 41 24 24 NA
NH; 42 27 27 50

Table VII-5. Calculated F-values representing the significance of the processing and
optimized methods. The critical F value is 1.57, and values exceeding this
threshold are highlighted in yellow.

Species Feac (RAW-WN) Fearc (DFF-RAW) Feac (DFF-WN)
CH;CH,CHO 4.59 7.04 1.53
CH;CH,CN 7.15 12.99 1.82
CH;CH,OH 39.25 83.48 2.13
CH5;CHO 365.35 412.39 1.13
CH;CN 683.31 907.06 1.33
CH;0H 547.76 621.72 1.14
H,O 2.86 2.98 1.04
NH, 2.28 2.35 1.03
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Figure VII-5. Concentration correlation plot from PLS prediction of species in 8-
component mixtures at 1 atm overall pressure using optimized wavenumber
bounds. Propionaldehyde is represented by red circles, propionitrile by green
x’s, ethanol by blue stars, acetaldehyde by magenta triangles, acetonitrile by
black squares, methanol by red inverted triangles, water by green diamonds,
and ammonia by blue +’s. Poor precision is evidenced by extreme scatter
about the ideal line (shown as a solid blue line).
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Figure VII-6. Concentration correlation plot from PLS prediction of species in 8-
component mixtures at 1 atm overall pressure using optimized wavenumber
bounds. Propionaldehyde is represented by red circles, propionitrile by green
x’s, ethanol by blue stars, acetaldehyde by magenta triangles, acetonitrile by
black squares, methanol by red inverted triangles, water by green diamonds,
and ammonia by blue +’s. Improved precision is evidenced by decreased
scatter about the ideal line (shown as a solid blue line).
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Figure VII-7. Concentration correlation plot from PLS prediction of species in 8-
component mixtures at 1 atm overall pressure using optimized DFF
parameters and wavenumber bounds. Propionaldehyde is represented by red
circles, propionitrile by green x’s, ethanol by blue stars, acetaldehyde by
magenta triangles, acetonitrile by black squares, methanol by red inverted
triangles, water by green diamonds, and ammonia by blue +’s. Improved
precision is evidenced by decreased scatter about the ideal line (shown as a
solid blue line).
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Figure VII-8. Residuals of predicted concentrations as a function of the reference
concentration from PLS regression models constructed with the full spectral
range. Propionaldehyde is represented by red circles, propionitrile by green
x’s, ethanol by blue stars, acetaldehyde by magenta triangles, acetonitrile by
black squares, methanol by red inverted triangles, water by green diamonds,
and ammonia by blue +’s. Zero is indicated by a black dotted line.
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Figure VII-9. Residuals of predicted concentrations as a function of the reference
concentration from PLS regression models constructed with the optimized
spectral range. Propionaldehyde is represented by red circles, propionitrile by
green x’s, ethanol by blue stars, acetaldehyde by magenta triangles,
acetonitrile by black squares, methanol by red inverted triangles, water by
green diamonds, and ammonia by blue +’s. Zero is indicated by a black
dotted line.
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Figure VII-10. Residuals of predicted concentrations as a function of the reference
concentration from PLS regression models constructed with the optimized
spectral range and DFF pre-processing. Propionaldehyde is represented by
red circles, propionitrile by green x’s, ethanol by blue stars, acetaldehyde by
magenta triangles, acetonitrile by black squares, methanol by red inverted
triangles, water by green diamonds, and ammonia by blue +’s. Zero is
indicated by a black dotted line.



Table VII-6. Correlation between analyte concentration and prediction residuals from PLS quantitative models utilizing the full

spectral range.

Residual Species

Species CH;CH,CHO CH;CH,CN CH;CH,0H CH;CHO CH;CN CH;0OH H,O NH;
CH;CH,CHO 0.81 0.00 0.02 0.02 0.04 0.01 0.00 0.02
CH;CH,CN 0.00 0.84 0.00 0.01 0.03 0.00 0.00 0.03

O CH;CH,OH 0.02 0.00 0.84 0.00 0.00 0.00 0.01 0.01
El)- CH;CHO 0.01 0.01 0.00 0.79 0.04 0.01 0.01 0.09
g. CH;CN 0.02 0.05 0.00 0.04 0.70 0.00 0.02 0.05
;:é CH;0H 0.00 0.00 0.00 0.01 0.00 0.72 0.12 0.02
H,O 0.07 0.00 0.02 0.01 0.03 0.19 0.18 0.00
NH,; 0.00 0.05 0.00 0.06 0.05 0.00 0.13 0.30
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Table VII-7. Correlation between analyte concentration and prediction residuals from PLS quantitative models utilizing the optimized

spectral range.

Residual Species
Species CHsCH,CHO CHsCH,CN CH3CH,0H CHsCHO CHsCN CH3OH H,0 NH;
CH3CH,CHO 0.29 0.36 0.04 0.00 0.00 0.00 0.01 0.00
CH3CH,CN 0.10 0.25 0.01 0.00 0.00 0.00 0.01 0.02
3 CH3CH,0H 0.00 0.09 0.22 0.02 0.00 0.00 0.00 0.01
Eg- CH3CHO 0.00 0.00 0.00 0.01 0.01 0.00 0.00 0.02
%. CH3CN 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.01
;:é’ CH;OH 0.00 0.00 0.00 0.00 0.00 0.01 0.00 0.00
H,0 0.00 0.00 0.00 0.00 0.00 0.00 0.02 0.00
NH; 0.01 0.00 0.00 0.00 0.00 0.00 0.00 0.09
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Table VII-8. Correlation between analyte concentration and prediction residuals from PLS quantitative models utilizing the optimized
spectral range and DFF pre-processing.

Residual Species
Species CH3CH,CHO CH3CH,CN CHsCH,OH CH3CHO CHsCN CH3OH H,0 NH;
CH3CH,CHO 0.17 0.08 0.00 0.01 0.04 0.00 0.01 0.01
CH3CH,CN 0.07 0.21 0.01 0.00 0.01 0.00 0.01 0.11
3 CH3CH,0H 0.00 0.00 0.06 0.01 0.01 0.06 0.00 0.02
E-)- CH3CHO 0.00 0.00 0.00 0.00 0.01 0.00 0.00 0.05
f'; CHsCN 0.00 0.00 0.00 0.00 0.02 0.00 0.00 0.00
<‘(§ CH3;0H 0.00 0.00 0.00 0.00 0.00 0.01 0.01 0.02
H,O0 0.00 0.00 0.00 0.00 0.00 0.00 0.02 0.00
NH3 0.00 0.02 0.00 0.03 0.00 0.00 0.00 0.01
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Correlation coefficients calculated from PLS models constructed with the full
spectral range reflect the strong linear trends observed in Figure VII-8, in that the values
on the diagonal of the matrix have values close to 1. Correlation coefficients in oft-
diagonal positions are extremely small, indicating minimal correlation between the
reference concentrations of the analytes and the residuals of prediction for the interfering
species.

Coefficients on the diagonals of Tables VII-7 and VII-8 are much lower,
providing evidence of the PLS regression models’ precision and selectivity. Correlation
is minimal between most interfering species in these models with the exception of
propionaldehyde and propionitrile (R* = 0.36). These two species have similar spectral
features, and both are very weak absorbers, likely causing the observed correlation. This
relationship is diminished considerably by DFF pre-processing (R* = 0.08). Further
diagnosis of the quality of the quantitative models may be performed by comparison of
PLS and NAS regression vectors from models developed with each method.

Representative regression vectors are shown in Figures VII-11 through VII-16.
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Figure VII-11. NAS and PLS regression vectors constructed using the full spectral range
for acetaldehyde in 8-component sample mixtures at 1 atm overall pressure.



270

140t B NAS
——B PLS

120t

100}

80F

60

Regression Coefficient (ppm/A.U.)

20 40 60 80 100 120
Wavenumbers (cm'l)

Figure VII-12. NAS and PLS regression vectors constructed using the full spectral range
for ammonia in 8-component sample mixtures at 1 atm overall pressure.
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Figure VII-13. NAS and PLS regression vectors constructed using the optimized spectral
range for acetaldehyde in 8-component sample mixtures at 1 atm overall
pressure.
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Figure VII-14. NAS and PLS regression vectors constructed using the optimized spectral
range for ammonia in 8-component sample mixtures at 1 atm overall pressure.
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Figure VII-15. NAS and PLS regression vectors constructed using DFF pre-processing
for acetaldehyde in 8-component sample mixtures at 1 atm overall pressure.
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Figure VII-16. NAS and PLS regression vectors constructed using DFF pre-processing
for ammonia in 8-component sample mixtures at 1 atm overall pressure.

Similarities are evident between the regression vectors of the pure components
and the regression vectors calculated for the sample mixtures. Vectors calculated for
weakly-absorbing species using the full spectral range tend to be remarkably different in
magnitude. The regression vectors calculated from the sample mixtures with these
conditions also display great differences in the shape of the vectors as a result of the
spectral overlap between the analyte and interfering species. Vectors calculated for
strong absorbers using the full spectral range show far better agreement as with the pure
components, except that the vectors now include significant features related to interfering
species, as shown in the low-frequency end of Figure VII-12 where the spectral features
of the aldehydes and nitriles are discernible from the baseline.

Vectors calculated with the optimized spectral ranges bear much more similarity
than those calculated for the full spectral range. In contrast to the regression vectors

calculated for the pure components, these no longer bear such strong resemblance to the
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absorption spectra of the pure analyte, as some portion of the regression vectors has
changed due to spectral overlap with interfering species, a trend which is especially
evident in the regression vectors of the weak absorbers, as shown in Figure VII-13.
Regression vectors calculated for strong absorbers using the optimized spectral range still
resemble the pure component absorption spectra, as illustrated by Figure VII-14.

Vectors calculated with the optimized DFF parameters and wavenumber bounds
show excellent agreement in shape and magnitude, as was observed in comparison of
regression vectors for the pure components. Selectivity of the quantitative models is
evidenced by the high level of agreement between the regression vectors, explaining the

significant decreases observed in the corresponding errors of prediction.

Conclusions

Robust quantitative models were constructed for each of the species of interest in
the 8-component mixtures. As in the pure component analyses, wavenumber and DFF
optimization provided significant improvement over models constructed using the full
spectral range. Errors in prediction of each analyte’s concentration were well below the
PELs for each species, despite overlap between species’ spectral features. These results
demonstrate the sensitivity and selectivity of the THz-TDS measurement at a relatively
consistent overall pressure. While this represents a significant advance towards the goal
of the project, further studies were carried out to examine the impact of the overall

sample pressure on the precision of quantitative models.

Foreign-Gas Broadening of Spectral Features

Overall pressure is known to affect the width of spectral features for gaseous
absorbers, as described theoretically in the preceding section titled “Spectral broadening”.
Because atmospheric pressure varies as a function of altitude, and to a lesser extent
weather conditions, this variability must be taken into account when exploring the

feasibility of a proposed analytical method. As described previously, the extent of
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spectral overlap will affect the chemical selectivity of the method, and thus varying

spectral peak widths will affect selectivity.

Experimental
For this series of experiments, the compounds of interest were analyzed

individually at various overall pressures. The procedure is outlined in the following list.
1. Reference
a. evacuate system (0.0 Torr)
b. collect reference spectrum
2. Sample
a. add analyte (various pressures)
collect sample spectrum
add N, (various pressures)
collect sample spectrum
repeat steps ¢ and d as necessary

o po o

Sample spectra for a given analyte were all referenced to one spectrum as
collected with the cell under vacuum. As such, the sample was not removed from the
sampling system until the final sample spectrum of the set had been recorded. Variability
resulting from self-broadening was avoided by retaining the analyte between sample
spectra. Samples were collected for each of the eight species of interest under the
conditions listed in Table VII-9.

Spectra were processed with the SCA and extended to 16 x N, which provides
greater certainty in the fit without requiring large amounts of time for attainment of a
satisfactory fit. Reference spectral parameters were obtained from NASA’s JPL,>* as
shown in the plots of rotational transitions in Figures V-1 through V-21. Parameters
were condensed to reduce the time required for the fit and to retain a reasonable number
of degrees of freedom. For example, at a spectral resolution of 0.225 cm™ with 4 x N
signal length after extension, the data point spacing in the resulting wavenumber axis is
approximately 0.0505 cm™. Parameters were condensed such that transitions within a

window of +0.02525 cm™ from each frequency axis data point were summed in
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magnitude to produce a single transition with a center position determined by an
intensity-weighted average of the resonant frequencies of the transitions.

With extension to a signal length of 16 x N, the number of data points in the
spectrum is quadrupled, and the spacing is approximately 0.0126 cm™. Thus, even when
dense rotational spectra are fitted with the Lorentzian function, 3 parameters are
estimated and a minimum of 1 degree of freedom is available per fitted peak. To regain
this degree of freedom without condensing spectral parameters, a threshold would have to
be enforced such that a significant number of relatively strong rotational transitions
would be altogether excluded from the fit, increasing the magnitude of the residuals
between the experimental and fitted spectra. Parameter condensation is also justified
given the extremely narrow spacing of the transitions (in some cases on the order of 1 x
107 em™ or less) relative to the spectral resolution available with the TPS Spectra 1000D.
Furthermore, the widths of the observed spectral peaks far exceed the spacing of the
condensed reference peak positions.

Spectra were collected with various pressures of nitrogen referenced to an
evacuated cell to examine baseline variability which might arise from the serial collection
of samples at various pressures. Slight changes were observed in the spectrum which
followed the change in pressure, manifested as broad spectral absorption with low
magnitude, which is thought to be the result of window flexion or seal compression at
various pressures. This effect was removed from the experimental data described
previously, and additional baseline correction was performed to compensate for
broadband signal variation. Spectral peaks were fit with a Lorentzian function using the
condensed parameters as starting guesses for peak positions and heights. Initial guesses
for widths were determined by placing data cursors at various points across the
absorption spectrum to estimate the HWHM of the spectral peaks in the experimental
data. Fitting was achieved via 25 iterations of the LMA. Spectral regions included in the

fit were determined by the availability of parameters, which were restricted with a
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Table VII-9. Sample pressures from broadening experiments in units of Torr and sample
temperatures. Minimum and maximum pressures (P, and Py, respectively)
represent the total pressure, which is the sum of the analyte pressure and
added nitrogen.

Species Panalyte P min P max T(°C)
CH3CH,CHO 27 253 807.9 23.7+0.1
CH3CH,CN 135 280.8 831 23.7+0.1
CH3CH,0H 11.8 255 800.7 23.5+0.1
CH3CHO 4.9 233.7 801.7 23.6+0.1
CHsCN 12.6 249.3 801.1 23.6+0.1
CH;0OH 11.5 285.7 807.8 26.6+0.1
H,0 4.9 233.7 801.7 23.5+0.1
NH; 5.6 233.7 798.6 23.6+0.1

threshold to exclude transitions which are approximately 1 x 10 times the strongest
transition, as these parameters would primarily be fit to baseline features or noise.

Fitted parameters were used to estimate the pressure broadening coefficients of 5
transitions selected from various parts of the analyte spectra. Linear regressions of the
peak widths versus the overall pressure of the sample produce a slope and intercept,
where the slope represents the pressure broadening coefficient (in cm™/atm) and the y-
intercept represents the self-broadened line width. Since the spectra were collected with
the analyte at a single concentration, no effort is devoted to the interpretation of the y-

intercept.

Results
Some representative spectra of acetaldehyde are presented below in Figures VII-
17 through VII-19. In Figures VII-17 through VII-19, the effect of foreign-gas on the
THz spectra of gaseous molecules is clear: as the overall pressure increases, the spectral

peak widths of the analyte increase. The experimental spectrum and residuals of the fits



Figure VII-17. Absorption spectra of acetaldehyde vapor at various overall pressures.

Absorbance (A.U.)

o
N

0.6

©
w

0.1

|

©
n~

‘

I
| A i oo | |
0 20 40 60 80, 100 120

Wavenumbers (cm™)

No offset is added to the spectra beyond baseline correction.

Absorbance (A.U.)
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overall pressures. The bottom (blue) trace is that of the pure vapor. No offset
was added to the spectra beyond baseline correction.
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Figure VII-19. Expanded THz absorption spectra of acetaldehyde vapor at various
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overall pressures. The bottom (blue) trace is that of the pure vapor. No offset
was added to the spectra beyond baseline correction.

of acetonitrile spectra are illustrated in Figure VII-20. In some cases, the residuals do not

solely resemble spectral noise, as parameters used in the fit may only be those of the most

common isotopologue(s) of the species. Also, as mentioned previously, rotational spectra

of the analyte in an excited vibrational state may overlap with that of the analyte in the
ground vibrational state. If parameters are not available for these species, significant

residuals may appear. Observed peak widths are sufficiently high to obscure these

extraneous transitions and thus prevent their isolation and exclusion from the fit. In other

cases, the absorption features of species which are not described by the reference
parameters may be weak enough that they are satisfactorily fit by the shoulder of a
neighboring peak, which can result in calculation of peak widths which exceed the

expected value.

Once spectral peaks were fitted to the reference parameters, the fitted peak width

was plotted as a function of the overall pressure of the sample. As expected, the spectral
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peak widths increased in a manner which was linearly proportional to the overall sample
pressure, as shown in Figure VII-21. Scatter of the fitted widths about the best fit line is
the result of several factors. Spectral noise affects the fitted parameters to a relatively
low extent in these spectra, as the SNR is very high. The most significant contributors to
the scatter about these plots are the isotopologues present in the sample which are not
described by the reference parameters and baseline artifacts arising from window flexion
or movement at various pressures. Scatter in the broadening plots is represented by the
uncertainty in the fitted slope, as increased scatter will increase the uncertainty in the
slope. Table VII-10 lists the wavenumber positions of select fitted peaks, and Table VII-
11 lists the calculated broadening parameters.

The calculated broadening coefficients range from 0.010 (CH;CH,OH) to 0.163
(CH;CN) cm™'/atm. Given the relatively low magnitude of these values when compared
to the available spectral bandwidth, spectral broadening is not expected to limit the
application of this method to atmospheric analyses. Experimental broadening
coefficients could not be directly compared to literature values in most cases, as much of
the published literature containing these values focuses on microwave frequencies which
are below those accessible with the TPS Spectra 1000D. Furthermore, no foreign-gas
broadening coefficients were found for propionitrile, ethanol, or methanol. Values
located in the literature for comparison were reported by Pandey,’”* Fabian,*
Hoshina,'®" and Lightman.'®

Pandey’s reported coefficients are larger than most of the parameters determined
in this work. For example, the broadening coefficient for a N,-broadened rotational
transition near 0.8 cm™ was determined to be ~0.101cm™'/atm, a value which is nearly
double the values obtained from fits near the low-frequency end of the spectrum of
acetaldehyde.>> Tt is difficult to say whether this is a result of poor quality of fits to the
experimental data, or whether the extent of broadening is so different between transitions

near 11 cm™ and 0.8cm™. Broadening coefficients have been shown to vary from one
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Figure VII-20. Broadened spectra of acetonitrile vapors. Vertical dashed lines represent
the transitions selected for broadening analysis, solid lines represent the
experimental data, and the dotted traces at the bottom of the spectrum
represent the residuals between the experimental data and fitted spectra.
Residuals are offset by -0.05 A.U. for comparison.
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Figure VII-21. Peak widths and corresponding linear regressions. The slopes of the best
fit lines represents the broadening coefficient of the respective rotational
transition. The widths and broadening coefficients of the three center peaks
(15 to 25 cm™) are nearly identical and are highly overlapped in this scale.
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Table VII-10. Wavenumber positions (cm™) of select fitted peaks used for comparison of
spectral broadening.

Species Position 1 Position 2 Position 3 Position 4 Position 5
CH5CH,CN 14.11 15.81 19.51 20.07 23.30
CH5CH,0OH 17.37 23.67 32.22 38.84 44.95

CH;CHO 10.96 17.06 20.21 26.06 26.96

CHsCN 10.45 15.34 18.39 25.12 32.43

CH5OH 12.90 24.14 30.55 40.00 45.09

H,O0 18.57 25.08 47.04 69.17 73.24
NH; 19.10 38.96 40.49 60.32 78.66

Table VII-11. Calculated spectral broadening coefficients in units of cm™atm™ and

associated uncertainties from the selected fitted peaks.

Species Position 1 Position 2 Position 3 Position 4 Position 5
0.041 + 0.032 + 0.032 + 0.046 +
+
CH5CH,CN 0.005 0.006 0.005 0.007 0.06+0.01
0.018 + 0.063 + 0.021 + 0.069 + 0.010 +
CH5CH,0H 0.004 0.007 0.001 0.008 0.001
0.046 + 0.051 + 0.020 +
+ +
CHsCHO 0.009 0.07 +0.01 0.005 0.14 +0.02 0.004
CH.CN 0.163 + 0.1175 + 0.117 + 0.1172 + 0.1159 +
3 0.004 0.0005 0.001 0.0008 0.0000
0.035 + 0.034 +
+ + +
CH;O0H 0.07+0.01 | 0.09+0.02 | 0.09+0.01 0.007 0.005
Ho 0.094 + 0.084 + 0.0896 + 0.0805 + 0.0902 +
2 0.002 0.002 0.0008 0.0008 0.0006
0.076 + 0.081 + 0.085 +
+ +
NH; 0.004 0.005 0.09 + 0.01 0.009 0.08 +0.01
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transition to another, so the fact that a difference is observed between calculated values is
not in itself a cause for concern.

Fabian reported broadening coefficients for rotational transitions in acetonitrile
vapor.>* One such transition is located at 3.67 cm™, for which the N, broadening

4 . . cq - ..
3% This value is within one standard deviation

coefficient was reported as 0.160 cm'/atm.
of the experimentally-determined value of 0.163 + 0.004 cm™'/atm, calculated for the
transition at 10.45 cm™. This is indicative of a relatively large collisional cross-section,
as described earlier in this chapter.

Hoshina et al. published several broadening coefficients for water vapor, as
mentioned in Chapter I.'"*' A broadening coefficient of 0.113 cm™'/atm was calculated for
the transition near 18.57 cm™ when the spectral features were broadened by nitrogen

!®! This value is significantly higher than the experimentally-determined value of

gas
0.094 + 0.002 cm’'/atm, given the low standard deviation of the fitted parameter.
Lightman and BenReuven reported broadening parameters of ammonia in the
presence of nitrogen, as described in Chapter I. Parameters were reported for several
rotational transitions near the high-frequency end of the spectral range accessible with the
TPS Spectra 1000D. A broadening coefficient of 0.115 + 0.010 cm™'/atm was published
for the transition near 99 cm™, which is separated from the experimentally-determined
value of 0.08 + 0.01 cm™'/atm (at 78.66 cm™) by about 1.5 standard deviations.
Discrepancies between values reported in the literature and those determined in
these experiments may arise from a number of factors. As illustrated in Chapter I,
implementation of the SCA provides greater reproducibility in the shape and position of
the observed spectral peaks. Irreproducibility in the position of TDS segments could be a
cause of the discrepancies between the reported values and observed spectral features.

Furthermore, given the relatively short path length, higher quantities of analyte must be

analyzed to obtain a useable SNR, and the increased concentration could conceivably
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result in distortion of the observed spectral peaks as many of the analyte gases are

strongly-polar molecules.

Conclusions

The effect of foreign-gas broadening by nitrogen gas was characterized and
quantified by fitting Lorentzian functions to the observed spectral peaks, and calculated
broadening parameters ranged from 0.010 (CH;CH,OH) to 0.163 (CH;CN) cm™'/atm.
Spectral bandwidth provided by the TPS Spectra 1000D is more than sufficient given the
comparatively-small extent of spectral broadening, but overlap between the features of
the species of interest is still expected to vary appreciably with the overall pressure. The
extent of this overlap will be much more pronounced in the spectra of the heavy species
(all but ammonia and water vapor), as their features are in much closer proximity than
those of the light species. Values reported herein provide a useful set for generalization
of trends, but several are fairly distant from values reported in the literature. Ideally, this
set of experiments would be repeated with the analyte present in a very low concentration
at various low overall pressures, with analyses carried out in a long-pass cell to provide
improved resolution of closely-spaced transitions. Additionally, the use of an apparatus
with narrower spectral resolution would be desirable, as spectral peaks would be
represented by more experimental data points and the observed peak widths would not be

limited by the spectral resolution of the instrument.

Eight-Component Sample Mixtures at Various Overall

Pressures
Sample mixtures were prepared in which the overall pressure was adjusted by
adding varying amounts of nitrogen gas to examine the impact of varied spectral
broadening on the precision of quantitative models. These samples represent another step
toward experimental representation of realistic atmospheric analyses by incorporating the

spectral variability which is introduced by varying the overall pressure of the sample. As
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demonstrated in the previous section, the width of spectral peaks observed in this
frequency range vary linearly with the overall sample pressure, which in turn affects the

overlap of spectral features of the species of interest.

Experimental

Stock mixtures were prepared in the same manner as described for other ppm-
range samples. The mixtures consisted of one analyte species mixed with nitrogen, and
were stored in flasks attached to the sample handling manifold. Reference spectra were
collected with the cell filled with nitrogen at the same pressure as the respective sample.
By referencing a sample spectrum to these data, the effect of window flexion on the
spectrum could be eliminated. Samples were prepared by sequentially adding the species
to the manifold and cell, followed by addition of nitrogen to the desired overall pressure.
The propagated error in the sample concentration was determined using the same method
as was used for the 8-component mixtures at 1 atm overall pressure. Analyte
concentrations were calculated using Equation VI-1. The overall pressure for this
calculation was fixed at 760 Torr so the analyte concentrations would not be correlated to
the overall pressure of the sample.

As with the 8-component mixtures prepared at 1 atm overall pressure, the
concentrations of each species in each sample were selected to reduce correlation
between the concentrations of the species and the correlation between species
concentrations and collection sequence. In addition to these considerations, samples
were added in order from the highest molecular weight to the lowest molecular weight in
an effort to reduce the effect of sample contamination which may result from effusion of
interfering species into the sample flasks. The overall pressure of the sample mixtures
was treated as an analyte, meaning pressures were selected such that the correlation
between species concentrations and the overall pressure was reduced. Correlation

coefficients from these samples are provided in Table VII-12.
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1. Stock mixtures
a. evacuate system (0.0 Torr)
b. insert analyte (various pressures)
c. add N; (~760.0 Torr)
d. retain mixture in flask
e. repeat for each species of interest
2. Reference
a. evacuate system (0.0 Torr)
b. add N, (various pressures, ~233-799 Torr)
c. collect reference spectrum
3. Sample
evacuate system (0.0 Torr)
add stock mixtures (various pressures, repeat for each analyte)
add N, (various pressures, ~233-799 Torr)
adjust volume (adjusts pressure to match target pressure)
collect sample spectrum

© e o

Small values in Table VII-12 indicate low correlation between the concentrations
of interfering species. Values on the diagonal tend to be higher than those off the
diagonal, indicating higher correlation between the sample concentrations and the
collection sequence, though these values are still very low. This experimental design
increases the robustness of the PLS regression models, as spectral features of interfering
species will not be attributed to the analyte.

Spectra were calculated with SCA-processed signals with 4xN signal length after
extension. Baseline correction was carried out by subtracting the mean of the 2.72 to 4
cm’' baseline region from the entire spectrum as with the 8-component samples analyzed
at 1 atm overall pressure. Once again, only the PLS algorithm was used for quantitative
analysis. The three model construction methods (full range, optimized range and
optimized DFF and wavenumber range) were evaluated for PLS cross-validation with
each compound of interest. A total of 100 samples were prepared and analyzed in the
temperature range of 23.9 = 0.1 °C at final pressures of 522.9 + 164.9 Torr.
Concentration ranges for each analyte are provided in Table VII-13. The overall pressure

of the sample is denoted by the symbol Pyy,.
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Table VII-12. Correlation between reference concentrations for analyte-interferent and analyte-sequence pairs. Values on the
diagonal (highlighted in gray) represent analyte-sequence correlation, whereas values off the diagonal represent analyte-
interference correlation.

R? CH;CH,CHO CH;CH,CN CH;CH,OH Piotal
CH;CH,CHO 4.6E-02
CH;CH,CN 3.0E-06
CH;CH,OH 1.1E-06
CH;CHO 1.7E-06
CH;CN 2.0E-07
CH;OH 2.0E-06
H,O 2.8E-06
NH; 3.2E-07
Piotal 3.0E-07
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Results

Spectral data collected with these samples are illustrated in Figure VII-22. As
with the samples analyzed at 1 atm overall pressure, the features of individual species are
somewhat difficult to identify in the low-frequency end of the spectrum. Spectral noise
was once again found to be a majority contributor to the observed spectrum in the
extremities of the accessible spectral range. Optimized parameters for each regression
model are provided in Table VII-14. Once again, the optimized wavenumber bounds and
filter parameters are not identical with those of the pure components, but are selected to
provide improved predictive performance. While the overall pressure of the sample is
not a species of interest, PLS models were also constructed in an effort to use the
observed spectral features to gauge the pressure in the cell.

Those species which are weak absorbers of these THz frequencies required an
increased number of latent variables in construction of the respective PLS regression
models, a trend which was also observed in quantitation of the species in the mixtures at
1 atm overall pressure. However, in all cases (except those of water and ammonia), more
latent variables were required to produce robust quantitative models in samples analyzed
at various overall pressures than for those analyzed at 1 atm overall pressure. Increased
model complexity is likely required to account for the variation in spectral overlap, as
will be discussed in greater detail with comparison of regression vectors. Traces of the
error of prediction are plotted as a function of the number of latent variables in Figures
VII-23 through VII-25. The shapes of these traces are similar to those observed with
mixtures analyzed at 1 atm overall pressure. Predictive error decreases minimally as
model complexity increases when utilizing the full spectral range, as shown in Figure
VII-23. Conversely, the error of prediction drops fairly rapidly with increasing model
complexity when using the optimized spectral range, as illustrated in Figure VII-24.

When DFF pre-processing and wavenumber selection are combined, the error of
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Table VII-13. Concentration statistics for each compound of interest in the 8-component
sample mixtures analyzed at various overall pressures.

Species Crmean (PPM)" Crnin (PPM)’ Crmax (PPM)’ Sconc (PPM)*
CH;CH,CHO 315 0 664 183
CH5CH,CN 354 0 693 188
CH;CH,OH 320 0 706 182
CH;CHO 353 0 690 182
CH5CN 368 0 759 192
CH;OH 363 0 791 198
H,0 335 0 772 200
NH; 355 0 787 202
Potal 524 235.8 797 165

1: Mean of analyte concentrations in prepared sample mixtures.

2: Minimum of analyte concentrations in prepared sample mixtures.

3: Maximum of analyte concentrations in prepared sample mixtures.

4: Standard deviation of analyte concentrations in prepared sample mixtures.

prediction decreases rapidly as more latent variables are included in the regression model,

as shown in Figure VII-25.

Like the pure component and 8-component mixtures analyzed at 1 atm overall

pressure, the errors of prediction obtained with the PLS regression models are greatest

when using the full spectral range, as shown in Table VII-15. Predictive errors decrease

when wavenumber selection is performed, and decrease further in most cases when DFF

pre-processing is used. The significance of these changes was evaluated using the F-test,

and the calculated F-values are provided in Table VII-16. Wavenumber optimization

provided significant improvement for quantitative models developed for

propionaldehyde, propionitrile, ethanol, acetaldehyde, acetonitrile, methanol, and the
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overall sample pressure. Wavenumber and DFF parameter optimization provides a
significant decrease in the error of prediction for all species, and provides significant
improvement in the error of prediction for several species when compared to
wavenumber optimization. In some cases, DFF pre-processing increased the error of
prediction over that of the wavenumber-optimized models.

Concentration correlation plots reflect the precision of the respective models.
Poor precision can be seen in PLS regression models constructed using the full spectral
range, manifested as scatter about the ideal line as shown in Figure VII-26. Only the
concentrations of the strongest absorbers, i.e. water and methanol, are somewhat
determined by these regression models. When wavenumber optimization is used, the
precision is drastically improved, as shown in Figure VII-27. The scatter about the ideal
line is greatly reduced for almost all of the compounds of interest. Some improvements
may be seen when DFF pre-processing is used, though the precision of some models are
adversely impacted by implementation of DFF, as shown in Figure VII-28. Regression
model precision is also evident in the plots of the concentration residuals, shown in
Figures VII-29 through VII-31.

Correlation coefficients were calculated to examine correlation between reference
and residual concentrations. Large R* values on the diagonal of Table VII-17 reflect the
strong correlation between the concentration residuals of the analytes and their reference
concentrations from regression models constructed with the full spectral range. This
correlation is the result of poor model performance. Values off the diagonal are near
zero, indicating some degree of chemical selectivity or a lack of reactivity between the
compared species. Diagonal elements in Tables VII-18 and VII-19 are much closer to
zero, reflecting the drastic improvement in the precision of the quantitative models, and
values off the diagonal remain very close to zero, with the exception of some values in

the rows for the analyte propionaldehyde.
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In Table VII-18, some correlation is observed between the reference
concentration of propionaldehyde and the residual concentrations for propionaldehyde
and propionitrile. Correlation between propionaldehyde and propionaldehyde residuals is
the result of one or two relatively large residuals. The correlation observed between the
concentration of propionaldehyde and the residual of propionitrile is thought to be the
result of the strong spectral overlap and weak absorptivity of these two species. Further
investigation into the chemical selectivity of these models is discussed in greater detail in
a following section. Similar correlation is present in Table VII-19, where an R* value of
0.22 is calculated for propionaldehyde reference concentrations and propionaldehyde
concentration residuals. This correlation value is also thought to be the result of
relatively large residuals.

Comparison of the regression vectors reveals slight changes in the shape and
magnitude of the coefficients. Generally speaking, the PLS and NAS model regression
coefficients calculated using the full spectral range are dissimilar in shape and magnitude.
Vectors calculated from the optimized spectral ranges tend to show some similarity in
magnitude, but the shapes of the features are different, likely a result of the changing
spectral peak widths. Vectors calculated with wavenumber optimization and DFF pre-
processing exhibit a high level of correlation in shape and magnitude. Figures VII-32
through VII-38 portray representative vectors for NAS and PLS models developed for
propionitrile and ammonia.

Features in the regression vectors of ammonia (and water vapor) tend to match
well between NAS and PLS models constructed with the full range, optimized ranges,
and DFF pre-processed spectra. Similarly, little change is seen in the observed error of
prediction. Regression coefficients for propionitrile (and the other weak absorbers) tend
to exhibit little agreement when comparing NAS and PLS-calculated vectors produced by
models using the full spectral range, exemplified by the traces in Figure VII-32. Vectors

calculated with the optimized spectral ranges show improved agreement in magnitude,
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Figure VII-22. Spectra collected with analyte mixtures at various overall pressures.
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Figure VII-23. Errors of prediction calculated with PLS models constructed with
different numbers of latent variables using the full spectral range.
Propionaldehyde is represented by red circles, propionitrile by green x’s,
ethanol by blue stars, acetaldehyde by magenta triangles, acetonitrile by black
squares, methanol by red inverted triangles, water by green diamonds,
ammonia by blue +’s, and the overall pressure by red hexagrams. The
appropriate number of latent variables is indicated by a star for each analyte.
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Figure VII-24. Errors of prediction calculated with PLS models constructed with
different numbers of latent variables using the optimized spectral range.
Propionaldehyde is represented by red circles, propionitrile by green x’s,
ethanol by blue stars, acetaldehyde by magenta triangles, acetonitrile by black
squares, methanol by red inverted triangles, water by green diamonds,
ammonia by blue +’s, and the overall pressure by red hexagrams. The
appropriate number of latent variables is indicated by a star for each analyte.
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Figure VII-25. Errors of prediction calculated with PLS models constructed with
different numbers of latent variables using the optimized spectral range and
DFF pre-processing. Propionaldehyde is represented by red circles,
propionitrile by green x’s, ethanol by blue stars, acetaldehyde by magenta
triangles, acetonitrile by black squares, methanol by red inverted triangles,
water by green diamonds, ammonia by blue +’s, and the overall pressure by
red hexagrams. The appropriate number of latent variables is indicated by a

star for each analyte.
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Table VII-14. Optimized parameters used for PLS cross-validation with 8-component sample mixtures analyzed at various overall

pressures.
Species RAW WN WN, DFF
#LV' | WNpw(cm™)? | WNugn(em™)® | #LV' | Filter i | Filter width® | WNg,(cm™)® | WNpg (cm™)® | #LV*

CH5CH,CHO 1 9.0 49.4 12 0.0803 0.0353 9.4 30.4 8
CH5CH,CN 1 8.9 51.4 11 0.0495 0.0185 14.5 45.6 7
CH5CH,OH 1 9.1 61.2 13 0.0220 0.0122 15.0 45.0 7
CH5CHO 1 15.3 35.3 11 0.0295 0.0185 12.2 58.1 6
CH5CN 2 10.0 30.0 11 0.0986 0.0344 10.3 31.0 6
CH5OH 1 9.1 61.2 12 0.0598 0.0519 32.9 58.4 8
H,0 3 28.3 56.9 3 0.0481 0.0436 20.0 40.0 5
NH; 2 3.0 100.0 2 0.0073 0.0055 15.0 45.0 6
Protal 2 20.5 40.7 8 0.0961 0.0438 11.9 36.9 5

1: Number of latent variables.
2: Wavenumber units (cm™).

3: Digital frequency units.
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Table VII-15. Errors of prediction (in ppm) from PLS regression models utilizing
various processing methods.

Species RAW WN WN, DFF PEL
CH3;CH,CHO 199 87 60 NA
CH3CH,CN 202 32 44 NA
CH;3CH,0H 212 58 33 1000
CH;CHO 204 16 19 200
CH;CN 115 11 22 40
CH;0H 192 12 11 200
H,0 36 33 30 NA
NH; 56 54 45 50
Piotal 108.6 49.3 63.1 NA

Table VII-16. Calculated F-values representing the significance of the optimized
processing methods. The critical F value is 1.39, and values exceeding this
threshold are denoted by yellow highlighting.

Species Feac (RAW-WN) Feaic (DFF-RAW) Feaic (DFF-WN)
CH5CH,CHO 5.21 11.02 2.11
CH3CH,CN 40.32 21.29 1.89
CH3CH,OH 13.31 41.36 3.11
CH,CHO 164.77 112.26 1.47
CH5CN 105.33 27.53 3.83
CH5OH 245.84 285.66 1.16
H,0 1.21 1.50 1.25
NH; 1.10 1.55 1.41
Prota 4.85 2.96 1.64
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Figure VII-26. Concentration correlation plot from PLS prediction of species in 8-
component mixtures at various overall pressures using the full spectral range.
Propionaldehyde is represented by red circles, propionitrile by green x’s,
ethanol by blue stars, acetaldehyde by magenta triangles, acetonitrile by black
squares, methanol by red inverted triangles, water by green diamonds,
ammonia by blue +’s, and the overall sample pressure by red hexagrams.

Poor precision is evidenced by extreme scatter about the ideal line (shown as a
solid blue line).
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Figure VII-27. Concentration correlation plot from PLS prediction of species in 8-
component mixtures at various overall pressures using the optimized spectral
ranges. Propionaldehyde is represented by red circles, propionitrile by green
x’s, ethanol by blue stars, acetaldehyde by magenta triangles, acetonitrile by
black squares, methanol by red inverted triangles, water by green diamonds,
ammonia by blue +’s, and the overall sample pressure by red hexagrams. The
ideal line is shown as a solid blue line with a slope equal to one.
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Figure VII-28. Concentration correlation plot from PLS prediction of species in 8-
component mixtures at various overall pressures using the optimized spectral
ranges and DFF pre-processing. Propionaldehyde is represented by red
circles, propionitrile by green x’s, ethanol by blue stars, acetaldehyde by
magenta triangles, acetonitrile by black squares, methanol by red inverted
triangles, water by green diamonds, ammonia by blue +’s, and the overall
sample pressure by red hexagrams. The ideal line is shown as a solid blue line
with a slope equal to one.
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Figure VII-29. Residuals of predicted concentrations as a function of the reference
concentration from PLS regression models constructed with the full spectral
range. Propionaldehyde is represented by red circles, propionitrile by green
x’s, ethanol by blue stars, acetaldehyde by magenta triangles, acetonitrile by
black squares, methanol by red inverted triangles, water by green diamonds,
ammonia by blue +’s, and the overall sample pressure by red hexagrams.
Zero is indicated by a solid black line.
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Figure VII-30. Residuals of predicted concentrations as a function of the reference
concentration from PLS regression models constructed with the optimized
spectral range. Propionaldehyde is represented by red circles, propionitrile by
green x’s, ethanol by blue stars, acetaldehyde by magenta triangles,
acetonitrile by black squares, methanol by red inverted triangles, water by
green diamonds, ammonia by blue +’s, and the overall sample pressure by red
hexagrams. Zero is indicated by a solid black line.
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Figure VII-31. Residuals of predicted concentrations as a function of the reference
concentration from PLS regression models constructed with the optimized
spectral range and DFF pre-processing. Propionaldehyde is represented by
red circles, propionitrile by green x’s, ethanol by blue stars, acetaldehyde by
magenta triangles, acetonitrile by black squares, methanol by red inverted
triangles, water by green diamonds, ammonia by blue +’s, and the overall
sample pressure by red hexagrams. Zero is indicated by a solid black line.



Table VII-17. Correlation between analyte concentration and prediction residuals from PLS regression models utilizing the full

spectral range. Gray cells contain the correlation coefficient for the relationship between analyte reference and analyte
residual concentrations. All other cells provide the correlation between the analyte reference and interferent residual

concentrations.

Residual Species
Species CH5;CH,CHO CH5;CH,CN CH5CH,0OH CH5;CHO CHsCN CH;OH H,O NH; Piotal
CH5;CH,CHO 0.88 0.01 0.00 0.00 0.04 0.00 0.00 0.04 0.00
CH5;CH,CN 0.00 0.83 0.00 0.01 0.16 0.00 0.01 0.00 0.00
" CH5CH,0H 0.00 0.00 0.87 0.01 0.02 0.01 0.01 0.02 0.02
'§ CH;CHO 0.00 0.02 0.01 0.84 0.21 0.00 0.00 0.03 0.00
:q%_,: CH;CN 0.01 0.07 0.01 0.06 0.44 0.00 0.04 0.01 0.04
? CH;0H 0.00 0.00 0.01 0.01 0.00 0.74 0.01 0.00 0.01
= H,0 0.01 0.03 0.00 0.00 0.00 0.17 0.04 0.00 0.00
NH3 0.05 0.00 0.04 0.04 0.00 0.01 0.00 0.12 0.02
Piotal 0.00 0.00 0.01 0.00 0.04 0.00 0.01 0.05 0.51

304
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Table VII-18. Correlation between analyte concentration and prediction residuals from PLS regression models utilizing the optimized
spectral ranges. Gray cells contain the correlation coefficient for the relationship between analyte reference and analyte

residual concentrations. All other cells provide the correlation between the analyte reference and interferent residual

concentrations.

Residual Species
Species CH5CH,CHO CH5;CH,CN CH5CH,OH CH5;CHO CHsCN CH3;0OH H,O NH; Piotal
CH5CH,CHO 0.14 0.18 0.05 0.02 0.06 0.01 0.00 0.04 0.07
CH5;CH,CN 0.01 0.02 0.00 0.00 0.00 0.00 0.02 0.01 0.01
" CH5;CH,OH 0.00 0.03 0.12 0.01 0.01 0.02 0.01 0.04 0.01
'§ CH;CHO 0.00 0.00 0.00 0.01 0.00 0.00 0.01 0.03 0.00
:q%_,: CHsCN 0.00 0.00 0.00 0.00 0.01 0.00 0.00 0.02 0.01
? CH3;0OH 0.00 0.00 0.00 0.00 0.00 0.00 0.03 0.00 0.00
= H,O 0.00 0.00 0.00 0.00 0.00 0.00 0.02 0.00 0.00
NH3 0.00 0.00 0.00 0.00 0.01 0.00 0.09 0.07 0.00
Piotal 0.00 0.00 0.00 0.00 0.00 0.00 0.01 0.07 0.10
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Table VII-19. Correlation between analyte concentration and prediction residuals from PLS regression models utilizing the optimized
spectral ranges and DFF pre-processing. Gray cells contain the correlation coefficient for the relationship between analyte
reference and analyte residual concentrations. All other cells provide the correlation between the analyte reference and

interferent residual concentrations.

Residual Species
Species CH3CH,CHO CHsCH,CN CH3CH,0H CH3CHO CHsCN CH3OH H,0 NH; Piotal
CH3CH,CHO 0.22 0.00 0.00 0.06 0.00 0.07 0.00 0.00 0.01
CH3CH,CN 0.00 0.06 0.00 0.01 0.00 0.00 0.02 0.00 0.00
" CH3CH,0H 0.01 0.00 0.06 0.00 0.02 0.02 0.01 0.02 0.00
'§ CH3CHO 0.00 0.00 0.00 0.01 0.00 0.00 0.00 0.00 0.02
‘::’ CH3CN 0.00 0.03 0.00 0.07 0.00 0.00 0.00 0.00 0.01
_E CH3OH 0.00 0.00 0.00 0.00 0.00 0.01 0.00 0.00 0.00
= H,0 0.00 0.00 0.00 0.00 0.00 0.00 0.02 0.00 0.00
NH; 0.01 0.00 0.00 0.00 0.00 0.00 0.00 0.04 0.05
Piotal 0.00 0.01 0.02 0.06 0.00 0.00 0.00 0.00 0.13
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Figure VII-32. Regression coefficients from NAS and PLS models constructed for
propionitrile using the full spectral range.
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Figure VII-33. Regression coefficients from NAS and PLS models constructed for
ammonia using the full spectral range.
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Figure VII-34. Regression coefficients from NAS and PLS models constructed for
propionitrile using the optimized spectral range.
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Figure VII-35. Expanded view of regression coefficients from NAS and PLS models
constructed for propionitrile using the optimized spectral range.
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Figure VII-36. Regression coefficients from NAS and PLS models constructed for
ammonia using the optimized spectral range.
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Figure VII-37. Regression coefficients from NAS and PLS models constructed for
propionitrile using the optimized spectral range and DFF pre-processing.
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Figure VII-38. Regression coefficients from NAS and PLS models constructed for
ammonia using the optimized spectral range and DFF pre-processing.

though the shapes in the vectors are not in complete agreement. This is thought to be a
result of the changes in spectral overlap resulting from changes in the overall sample
pressure. Similarity between the regression vectors calculated with DFF pre-processing
suggests the DFF method is able to compensate for the effect of spectral broadening and
changing peak widths. It is important to note that the NAS vectors were generated using
spectra acquired at 1 atm overall pressure. Due to the nature of the NAS algorithm,
regression vectors could not be produced which would simultaneously represent the
sensitivity for analyte concentration and overall pressure.

The effect of spectral broadening on the precision of the regression models was
further investigated by performing an F-test to compare the errors of prediction obtained
with models developed for samples analyzed at 1 atm overall pressure and those analyzed
in varying overall pressures. Calculated F values are shown in Table VII-20. For all

species except propionitrile, the error of prediction increased in models developed with
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varying overall pressure. Precision was improved for models constructed for
propionitrile, and the improvement was found to be significant at the 95% confidence
level as determined by the F test. Despite these increases, the errors of prediction for
most of the PLS regression models were well below the PELs, except in the case of

ammonia.

Table VII-20. Calculated F values for comparison of the errors of prediction obtained
with various regression models developed for samples at 1 atm overall
pressure and varying overall pressures. The critical F value is 1.51, and
values exceeding this limit are highlighted in yellow.

Species RAW WN DFF
CHsCH,CHO 1.06 1.07 1.48
CH;CH,CN 1.15 4.79 1.40
CH5CH,0H 1.56 4.61 3.02
CHsCHO 1.71 4.00 5.64
CHsCN 1.30 4.84 30.25
CH5OH 1.37 2.94 2.47
H,0 1.30 1.89 1.56
NH; 1.78 4.00 2.78
Conclusions

Precision of the quantitative models constructed with the optimized wavenumber
range, and in some cases with DFF pre-processing, was demonstrated despite varying
spectral overlap. Most errors of prediction were well below the PELs for the respective
species, reinforcing the utility of this method for atmospheric analyses. Pre-processing of
spectral data with DFF increased the error of prediction for some species when compared
to the error of prediction obtained with wavenumber-optimized models. Further study

might include a more thorough optimization process such as a grid search or NMS
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optimization with an increased number of starting guesses covering a broader range of
wavenumber bounds and digital filter parameters. The change in the precision of these
models did not appear to be related to trends in the relationship between NAS and PLS
regression vectors. Regression vectors calculated using the NAS and PLS algorithms
show some similarity to those calculated at 1 atm overall pressure, but shapes vary in
some cases as a result of peak broadening and the related spectral overlap. These
experiments represent a further step in evaluation of the feasibility of real-life

atmospheric measurement using the THz-TDS apparatus.
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CHAPTER VIII
IMPACT OF SPECTRAL OVERLAP ON PLS REGRESSION MODELS

Spectral Resolution and Precision of PLS Models

As mentioned in the comparison of THz instrumentation with alternative
methods, the spectral resolution represents one of several experimental parameters which
can be adjusted to improve the predictive performance of quantitative models.
Experimental data from the sections describing analysis of sample mixtures (both at 1
atm and at various overall pressures) were used for this investigation. As mentioned in
Chapter II, the resolution of spectra calculated via the FFT algorithm is dependent on the
length of the time domain signal, more specifically the length of the post-peak portion of
the signal in the case of the THz-TDS. Truncation of the TDS will thus produce a
spectrum with poorer spectral resolution. Though spectral resolution was not considered
in the optimization of quantitative models developed to this point, some attention was

devoted to examine the possibility of further improvement of model performance.

Experimental

Spectral resolution values between 0.225 and 2.0 cm™ were achieved by
truncating the post-peak portion of the sample mixture TDSs to the appropriate lengths.
Absorbance spectra were calculated from the truncated signals, and the extent of TDS
extension was varied to provide consistent data point spacing between all spectra,
regardless of spectral resolution. Baseline correction was carried out with these spectra
as with the results reported for the mixtures when analyzed at 0.225 cm™ spectral
resolution. Quantitation was performed with PLS regressions using the optimized
parameters for each respective data set (wavenumber region and DFF parameters, if
applicable). Errors of prediction were used to calculate a CVSEP index, as shown in

Equation VIII-1.
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Lo CVSERes Equation VIII-1
CVSEP — CVSEP0_225

In this equation, the CVSEP index (Iysgp) is calculated as the ratio of the CVSEP
calculated at 0.225 cm™ resolution (CVSEP, 5,5) and the CVSEP calculated at the
modified resolution (CVSEP,,s). Thresholds of significance were determined by taking
the square root of the critical F value as well as the reciprocal of the square root of the
critical F value, representing a significant increase or a significant decrease in the error of

prediction, respectively.

Results

The CVSEP index was calculated for the three processing methods (full range,
optimized range, and digital filtered optimized range) for mixtures at 1 atm overall
pressure and mixtures at various overall pressures. Traces of the CVSEP index as a
function of the spectral resolution are provided in Figures VIII-1 through VIII-6. Slight
changes in the error of prediction are observed when changing the resolution of spectra
used for PLS regression across the full spectral range. No significant gains are made for
samples analyzed at 1 atm overall pressure, and a significant improvement is only
observed for quantitation of methanol at various overall pressures. Given the extreme
difference in the errors of prediction of the full range and optimized range/filtered
spectra, the change in resolution is not expected to provide any practical benefit when
utilizing the entire spectral range.

Changes in the CVSEP index are greater when considering the results obtained
with the optimized spectral range. At 1 atm overall pressure, the CVSEP increases
significantly for several species at high spectral resolution values. These are species
which exhibit high spectral overlap at increased resolution, but diminished overlap near
0.225 cm™ resolution. For samples analyzed at various overall pressures, alteration of the

spectral resolution provides significant gains in the predictive ability of the PLS models
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Figure VIII-1. CVSEP index calculated at various resolutions using the full spectral
range with ppm-range sample mixtures at 1 atm overall pressure.
Propionaldehyde is represented by red circles, propionitrile by green x’s,
ethanol by blue stars, acetaldehyde by magenta triangles, acetonitrile by black
squares, methanol by red inverted triangles, water by green diamonds, and
ammonia by blue +’s.
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Figure VIII-2. CVSEP index calculated at various resolutions using optimized spectral
ranges with ppm-range sample mixtures at 1 atm overall pressure.
Propionaldehyde is represented by red circles, propionitrile by green x’s,
ethanol by blue stars, acetaldehyde by magenta triangles, acetonitrile by black
squares, methanol by red inverted triangles, water by green diamonds, and
ammonia by blue +’s.
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Figure VIII-3. CVSEP index calculated at various resolutions using optimized spectral
ranges and DFF with ppm-range sample mixtures at 1 atm overall pressure.
Propionaldehyde is represented by red circles, propionitrile by green x’s,
ethanol by blue stars, acetaldehyde by magenta triangles, acetonitrile by black
squares, methanol by red inverted triangles, water by green diamonds, and
ammonia by blue +’s.
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Figure VIII-4. CVSEP index calculated at various resolutions using the full spectral
range with ppm-range sample mixtures at various overall pressures.
Propionaldehyde is represented by red circles, propionitrile by green x’s,
ethanol by blue stars, acetaldehyde by magenta triangles, acetonitrile by black
squares, methanol by red inverted triangles, water by green diamonds, and
ammonia by blue +’s.
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Figure VIII-5. CVSEP index calculated at various resolutions using optimized spectral
ranges with ppm-range sample mixtures at various overall pressures.
Propionaldehyde is represented by red circles, propionitrile by green x’s,
ethanol by blue stars, acetaldehyde by magenta triangles, acetonitrile by black
squares, methanol by red inverted triangles, water by green diamonds, and
ammonia by blue +’s.
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Figure VIII-6. CVSEP index calculated at various resolutions using optimized spectral
ranges and DFF with ppm-range sample mixtures at various overall pressures.
Propionaldehyde is represented by red circles, propionitrile by green x’s,
ethanol by blue stars, acetaldehyde by magenta triangles, acetonitrile by black
squares, methanol by red inverted triangles, water by green diamonds, and
ammonia by blue +’s.

for some species (propionaldehyde, propionitrile, and ethanol). Errors of prediction for
other species undergo slight changes, but few significant increases in the CVSEP are
observed, particularly at the lower resolution values.

Behavior of the models becomes somewhat unpredictable when spectral
resolution is altered prior to digital filtering. This is a result of the change in digital
frequency content for each analyte as the resolution is changed. In cases where the
optimized digital filter centered on relatively high digital frequencies, the chemical

content of this portion of the digital frequency spectrum is diminished or eliminated
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altogether, as increased spectral resolution decreases spectral noise as well as the

magnitude of narrow spectral features.

The effect of spectral overlap and peak width on the precision of the PLS model

may also be assessed through visualization of concentration residuals for each of the

models. Figures VIII-7 through VIII-9 display the residual concentrations as a function

of overall pressure for the three methods.

600
® o
v v
* v *

400 & A
~ AV A & D o
g_ VARG o * o 5 * O
g 200+ - o 2 5 o A
% Vg v = 7 ng%% % z e & + s
E ﬁ?@ @Q{Eﬁz 4.*%_ 7V DA‘@-JP to %P o2 {ﬁ- % @’Eﬁ .Q
) or DF%++O G e * +%% ? Inte
c ARG g Vi T elodTed L pE L R 4L
S o A0 % T S+ © Lo o
2 & vl ooy V¥ g s F ;&- =
S-200F C% o v UUotE s
8 + e O % o 9% o (Z A
o 7V - N A /;\O = = F

-4001 - .

v =
_600 L L L L L I
200 300 400 500 600 700 800

Overall Sample Pressure (Torr)

Figure VIII-7. Residual concentrations from PLS models constructed using the full
spectral range plotted as a function of overall pressure. Propionaldehyde is
represented by red circles, propionitrile by green x’s, ethanol by blue stars,
acetaldehyde by magenta triangles, acetonitrile by black squares, methanol by
red inverted triangles, water by green diamonds, and ammonia by blue +’s.
The tight band of points at the right side of the plot contains residuals from

samples analyzed at one atmosphere overall pressure.
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Figure VIII-8. Residual concentrations from PLS models constructed using the
optimized spectral range plotted as a function of overall pressure.
Propionaldehyde is represented by red circles, propionitrile by green x’s,
ethanol by blue stars, acetaldehyde by magenta triangles, acetonitrile by black
squares, methanol by red inverted triangles, water by green diamonds, and
ammonia by blue +’s. The tight band of points at the right side of the plot
contains residuals from samples analyzed at one atmosphere overall pressure.
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Figure VIII-9. Residual concentrations from PLS models constructed using the
optimized spectral range and digital filter plotted as a function of overall
pressure. Propionaldehyde is represented by red circles, propionitrile by green
x’s, ethanol by blue stars, acetaldehyde by magenta triangles, acetonitrile by
black squares, methanol by red inverted triangles, water by green diamonds,
and ammonia by blue +’s. The tight band of points at the right side of the plot
contains residuals from samples analyzed at one atmosphere overall pressure.

As described in Chapter VII, the residuals decrease in magnitude when
wavenumber optimization and digital filtering are employed. No strong relationship is
apparent in these data. To simplify visualization, the absolute value of the residuals was
obtained by taking the square root of the squared residual concentrations. The mean of
residuals for all species of interest were averaged, producing one mean residual
magnitude value for each sample. The mean residual magnitudes are plotted as functions

of the overall pressure in Figures VIII-10 through VIII-12.
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sample pressure. Red circles are residuals from samples analyzed at various
overall pressures and blue circles are residuals from samples analyzed at 1 atm
overall pressure.
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Figure VIII-11. Mean residual concentration magnitude from PLS regression models
constructed using the optimized spectral range plotted as a function of overall
sample pressure. Red circles are residuals from samples analyzed at various
overall pressures and blue circles are residuals from samples analyzed at 1 atm
overall pressure.
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Figure VIII-12. Mean residual concentration magnitude from PLS regression models
constructed using the optimized spectral range and digital filter plotted as a
function of overall sample pressure. Red circles are residuals from samples
analyzed at various overall pressures and blue circles are residuals from
samples analyzed at 1 atm overall pressure.

No strong trends are visible in Figure VIII-10, though the mean and spread of
concentration residuals for samples collected at 1 atm overall pressure appear smaller
than those of samples collected at varying overall pressure. Interesting trends are visible
in plots produced with concentration residuals from the optimized PLS models. The
magnitude of residuals is greatest at the extremes of the examined pressure range and
lowest towards the center. Averages of the concentration residual magnitudes appear
lower for samples collected at 1 atm overall pressure. The significance of this change
was evaluated using the #-test, and the means, standard deviations and Student’s ¢ values

(95% confidence level) are provided in Table VIII-1.



Table VIII-1. Means (Ryean) and standard deviations (sg) of concentration residual
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magnitudes from the PLS regression models produced for the 8-component

mixtures.
PLS model 1 atm Various Pressures
Rmean SR Rmean SR terit tealc
RAW 113.6 31.2 125.5 40.4 1.98 2.04
WN 23.0 9.0 29.1 12.8 1.98 3.40
DFF 16.9 6.1 24.6 10.6 1.98 5.71

For all PLS models, the mean magnitude of residuals is significantly higher for
samples collected at varying overall pressures, as is the standard deviation of the residual
magnitude. The slight U-shape in the residual magnitude may result from failure of the
PLS model to adapt to spectral peaks of varying height:width ratios. Regression models
for species at various overall pressures which are constructed with optimized parameters
provide the best quantitative performance at the mean of the overall pressure of the
samples, as evidenced by the approximate minimum in the concentration residual
magnitudes near 524 Torr.

While it may seem that peak fitting would be a viable alternative given this
limitation, the vast number of rotational transitions in any spectral window makes
quantitative analysis via peak fitting a virtual impossibility. Furthermore, quantitative
analysis via peak fitting would require a comprehensive parameter set for each of the
species of interest (including all isotopologues and common vibrational excited states),
data which are not currently available from any spectral database. The LMA is incapable
of selectively discriminating against background contributors, which would likely result
in poorer model precision than those reported for PLS models.

Further evaluation of the sensitivity of the PLS algorithm to the peak height:width
ratio was performed by comparison of concentration residual magnitudes from spectra

calculated with varied resolution. Concentration residuals were taken from the adjusted
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resolution which provided the lowest CVSEP index as shown in Figure VIII-5. The
magnitudes of these values are plotted in Figure VIII-13, along with quadratic fits of the

data illustrating the curvature of the concentration residual magnitudes.
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Figure VIII-13. Mean concentration residual magnitudes from PLS models developed
with the optimized spectral range (blue 0’s), and the optimized spectral range
with improved spectral resolution (red x’s). Quadratic fits of the data are
shown as solid lines in the respective colors.

Changes in the spectral resolution decrease the curvature of the mean residual
magnitudes, an indicator of diminished sensitivity to peak height:width ratio variability.
As with the data reported previously, the means of these residual magnitudes were
compared using the #-test, the results of which are provided in Table VIII-2.

Means of the mean concentration residual magnitudes are significantly different,
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Table VIII-2. Mean of mean concentration residual magnitudes (Resn) and standard
deviation of mean concentration residual magnitudes (sg) from models
constructed with the optimized spectral range as well as those constructed
with the optimized spectral range with the improved spectral resolution.
Student’s ¢ values (it and 7c) are provided in the two right-most columns.

Rmean SR tcrit tcalc
WN 29.1 12.8 1.97 4.18
WN, res 22.6 8.7

further reinforcing the benefit of spectral resolution optimization. Optimization of
spectral resolution decreases the magnitude of concentration residuals while also
decreasing the spread of these values, which is manifested as a U-shaped curvature
illustrated in Figure VIII-13. These data demonstrate the benefit of spectral resolution

optimization for atmospheric sensing applications which utilize PLS regressions.

Conclusions

Changing the spectral resolution can provide slight improvement for some
species, though based on the lack of unified trends resolution should be optimized on an
analyte-by-analyte basis. Greatest improvements are observed when the resolution is
altered for PLS models constructed with optimized spectral ranges. Changes in the
predictive performance of models using DFF in combination with wavenumber
optimization exhibited unpredictable changes, and almost always resulted in significant
increases in the CVSEP. Alteration of the spectral resolution has the potential to provide
practical benefit both through the improvement of quantitative performance as well as
reduction in the time of spectral acquisition. Changes in the height:width ratio of spectral
peaks appear to negatively impact the precision of PLS regression models, as evidenced
by analysis of concentration residual magnitudes. Despite this drawback, the algorithm is

still expected to provide superior performance to peak fitting methods due to its ability to
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discriminate against background contributors. Precision might be improved by
generating quantitative models with an algorithm such as PLS-2, which has the ability to

simultaneously model two components, in this case the analyte and the overall pressure.

Evaluation of Chemical Selectivity via PCSA

Efficacy of any quantitative measurement is dependent on chemical selectivity.
In terms of spectroscopic methods, selectivity is demonstrated by effective discrimination
between species based on spectral features. As mentioned in Chapter I1I, the PCSA
procedure is useful for evaluation of chemical selectivity. This procedure also mimics a
scenario in which a calibration set is constructed in the lab with a multitude of species
which are expected to be present in the measurement at some point in time. The
calibration set may be put to use in predictions where some, or only one of the species

included in the calibration set is present at the time of the measurement.

Experimental

Calibration was carried out with the PLS algorithm using the three methods
described previously in which the full spectral range, optimized spectral ranges, and
optimized DFF pre-processing and wavenumber bounds were utilized. Spectra collected
at 1 atm overall pressure and spectra collected at varying overall pressures were used
separately to ascertain the effect of varying spectral overlap on the observed chemical
selectivity. The concentrations of the pure component spectra were predicted for each
analyte in all combinations, such that prediction was carried out with each of the eight
sets of pure component spectra after calibration was performed for one analyte with
mixture spectra. By repeating this process, a total of 64 calibration/prediction processes
are carried out, with 8 of these representing analyte-analyte pairs, and 56 representing
analyte-interferent pairs.

Linear regressions were constructed with the concentration correlation from each

of the 64 sets, where a slope of 1 is expected for analyte-analyte pairs and a slope of 0 is
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expected for analyte-interferent pairs where complete chemical selectivity is achieved.

As chemical selectivity decreases, the slopes of analyte-interferent pairs will increase,
and the slopes of analyte-analyte pairs will decrease, providing a quantitative metric of
the chemical selectivity in realistic measurements. The slopes calculated for each data set

(1 atm and various overall pressures) were compared using the #-test.

Results

A representative set of PCSA concentration correlation plots is provided in
Figures VIII-14 through VIII-16. Slopes of the concentration correlation plots are listed
for each data set in Tables VIII-3 through VIII-8, with the first three tables representing
PCSA results using samples prepared at 1 atm overall pressure, and the latter three
representing those prepared at various overall pressures. Chemical selectivity increases
when wavenumber or DFF and wavenumber optimization are utilized in construction of
the PLS regression models, as evidenced by the increased slopes of the analyte-analyte
concentration correlations and the decreased slopes of the analyte-interferent
concentration correlations. Many of the analyte-interferent slopes are near zero or are not
significantly different from zero. As described earlier, it is highly desirable for these
slopes to equal zero, as this is indicative of high chemical selectivity.

Slopes listed in Tables VIII-3 through VIII-8 were compared in two manners.
Comparison was performed between the slopes calculated with different model
construction methods (full range, optimized range, and optimized range/DFF parameters).
Figures VIII-14 through VIII-16 demonstrate these changes graphically. Results of the #-
test indicate significant differences in chemical selectivity with incorporation of
wavenumber selection or DFF/wavenumber optimization. Significant differences in
chemical selectivity are observed in comparison of models constructed with the
optimized spectral range and those constructed with wavenumber and DFF optimization

in several cases.
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Figure VIII-14. PCSA concentration correlation plot of pure component concentrations
predicted by a PLS regression model constructed for acetonitrile using the full
spectral range. The overall pressure of the calibration data was 1 atm.
Propionaldehyde is represented by red circles, propionitrile by green x’s,
ethanol by blue stars, acetaldehyde by magenta triangles, acetonitrile by black
squares, methanol by red inverted triangles, water by green diamonds, and
ammonia by blue +’s. The blue dotted line represents the ideal case where the
slope is 1, and the y-intercept is 0.
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Figure VIII-15. PCSA concentration correlation plot of pure component concentrations
predicted by a PLS regression model constructed for acetonitrile using the
optimized spectral range. The overall pressure of the calibration data was 1
atm. Propionaldehyde is represented by red circles, propionitrile by green x’s,
ethanol by blue stars, acetaldehyde by magenta triangles, acetonitrile by black
squares, methanol by red inverted triangles, water by green diamonds, and
ammonia by blue +’s. The blue dotted line represents the ideal case where the
slope is 1, and the y-intercept is 0.
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Figure VIII-16. PCSA concentration correlation plot of pure component concentrations
predicted by a PLS regression model constructed for acetonitrile using the
optimized spectral range and DFF pre-processing. The overall pressure of the
calibration data was 1 atm. Propionaldehyde is represented by red circles,
propionitrile by green x’s, ethanol by blue stars, acetaldehyde by magenta
triangles, acetonitrile by black squares, methanol by red inverted triangles,
water by green diamonds, and ammonia by blue +’s. The blue dotted line
represents the ideal case where the slope is 1, and the y-intercept is 0.



Table VIII-3. Slopes and uncertainties from linear regressions of PCSA concentration correlation data. Calibration and prediction

were performed using the full spectral range. Spectra collected at 1 atm overall pressure were used for calibration.
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Pure analyte (Prediction)

Species CH;CH,CHO | CH5CH,CN CH;CH,0OH CH;CHO CH;CN CH;0H H,0 NH;
CH3CH,CHO 00540.03 00510.02 0007002 008+0.03 0161004 00540.02 0311004 002+0.02
= CH;3CH,CN 0.1010.02 0.1640.03 003+0.03 0.1310.02 0314003 0.003+0.02 00034003 0334003
o
:g CH;CH,0H 0021004 00610.05 0074008 0.04+007 0.06+0.06 0.004+0.04 00240.05 0324008
% CH3CHO 0.1010.02 00510.02 00410.03 008+0.03 0221004 00440.03 00064003 0.284003
>
é CHiCN 0.1140.02 0.1440.02 00410.03 0.11+0.03 03240.03 00310.01 011+0.03 0241002
c
Ei CH;0H 0.03+0.03 00141003 0.08+0.03 006004 0.06+0.03 0.14+0.03 0174003 01004
©
< H,O 00054001 -0.00710.01 00410.02 0014002 0006+0.03 0064001 0634003 0094002
NH; 0021001 0.02+001 00240.02 00240.02 0.007+0.02 0021001 0.02+002 1.0740.02
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Table VIII-4. Slopes and uncertainties from linear regressions of PCSA concentration correlation data. Calibration and prediction
were performed using the optimized spectral ranges. Spectra collected at 1 atm overall pressure were used for calibration.

Pure analyte (Prediction)
Species | CHsCH,CHO | CHsCH,CN | CHsCH,OH | CHsCHO CH5CN CH,OH H,0 NH;
CH,CHCHO | 0881004 | 000024004 | 0081004 0024003 0274005 0084004 | 0041003 | 00484007
T CH5CH;CN 0161001 0811002 0041003 | 0031002 0074006 0031001 | 00024001 | -003#009
E CH,CH.OH | goo71001 | -0072001 0741003 | -0031002 0041002 0064001 | -003:001 | 00021003
=
E CH;CHO | 000810003 | -0013:0003 | 00009$0004 | 090001 | 0037:0009 | 002410003 | 00090003 | 0005001
% CH:CN | 00022400009 | 0000740002 | 00020003 | 000080002 | 081340004 | -0.000240001 | -0004+0002 | -0.009+0002
% CH50H 00010001 | 00040002 | -000940004 | 00070002 | 0003:0002 | 0804001 | 00290002 | 003040003
o
= H20 000610004 | 000010003 | 001110008 | 00030003 | -003:001 | -001410004 | 072003 | 01350007
NH; 002310006 | 0001:0004 | 004040005 | 0045:0004 | 00401:00009 | 003310004 | 000410001 | 1162002
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Table VIII-5. Slopes and uncertainties from linear regressions of PCSA concentration correlation data. Calibration and prediction

were performed using the optimized spectral ranges and DFF parameters. Spectra collected at 1 atm overall pressure were
used for calibration.

Pure analyte (Prediction)
Species | CH;CH,CHO | CH;CH,CN | CHsCH,OH | CHsCHO CH5CN CH,OH H,0 NH;
CH;CH,CHO | 0861005 0031004 | 0081005 | 0101004 | 008:005 | 007003 0081006 | 0024006
T CHsCHCN 1 000910000 | 0962001 0024001 | -000094001 | 002:002 | 0062001 0064001 | 0005001
E CH,CH.OH | 0051002 | 0042003 | 0731003 | 003003 | 0031002 | -0002:001 | -005#002 | -00074002
=
E CH;CHO | 000410003 | 001610004 | 000410002 | 0894001 | 00190003 | 001040003 | 000740003 | 000240003
% CHyCN 00090001 | -000540001 | 00008+0001 | 00030001 | 0863+0003 | 00037400009 | -0007+0001 | -0.0140001
% CH50H 0001$0001 | -000140001 | -000540003 | 0004+0001 | 0001+0001 | 0804001 | -0026:0002 | 00320003
o
= H20 00050003 | 000240003 | 000240007 | 0003:0003 | -003:001 | 000240004 | 072003 | 01340006
NH; 0007+0003 | 000810004 | -000410006 | 001410007 | 002740008 | 00080004 | -0029+0005 | 094003




Table VIII-6. Slopes and uncertainties from linear regressions of PCSA concentration correlation data. Calibration and prediction

were performed using the full spectral range. Spectra collected at various overall pressures were used for calibration.
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Pure analyte (Prediction)
Species | CHsCH,CHO | CHsCH,CN | CHsCH,OH | CHsCHO CHSCN CH5OH H,0 NH;
CHsCH.CHO | 9024001 | 0.074002 | 0.01#002 | 0.008+002 | 0.07 003 | 0.009 +001 | -0.04 002 | -0.26 +0.03
= CHCHCN | 9114003 | 0134002 | 0.01+004 | 0.114003 | 0.25+004 | 0.03+003 | 0.094004 | -0.11 +004
S
=
5 CHCHOH | 0054003 | -0.01+002 | 0.014003 | 0.05+003 | 0.13+004 | 0.044003 | -0.04+003 | -0.29 +003
(¢}
(@]
o CH,CHO 0.07+002 | 0.09+001 | 0.02+002 | 0.134002 | 0.20+002 | 0.04+4001 | -0.03 4002 | -0.27 +001
>
%
S CH5CN 0.154002 | 0.17+002 | 0.04+002 | 0.24+003 | 0.54+003 | 0.03+002 | -0.03 4001 | -0.04 002
C
2 CH5OH
s 3 0.05+003 | 0.02+002 | 0.05+003 | 0.07+003 | 0.06+003 | 0.134002 | 0.23+003 | -0.03 002
(40}
C
<
H.0 -0.014 0008 | -0.014001 | 0.05+002 | 0.0006 +002 | -0.02 4002 | 0.03+001 | 0.58 4003 | -0.07 +002
NH; 0.002 +001 | -0.005+001 | 0.024002 | 0.03+001 | 0.02+001 | 0.02+001 | -0.005+002 | 1.04 +002
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Table VIII-7. Slopes and uncertainties from linear regressions of PCSA concentration correlation data. Calibration and prediction
were performed using the optimized spectral ranges. Spectra collected at various overall pressures were used for

calibration.
Pure analyte (Prediction)
Species CH;CH,CHO | CHsCH,CN | CHsCH,OH | CHsCHO CH5CN CH,OH H,0 NH;
CH,CH,CHO | 9794004 | 0.0084005 | 0.16009 | -0.09006 | -0.07402 | -0.01#005 | 0.03#004 | 0.241023
T CH5CH,CN 0.07 001 0.954002 | -0.02#003 | 0.0064002 | 0.06007 | 0.07#002 | 0.02002 | -0.05101
E CH,CH0H | .08 1002 -0.141003 | 0.60004 | -0.03:002 | 0.021004 | 0.0084003 | 0.031002 | -0.11$005
=
E CH;CHO | 19,0001 $0004 | -0.024 0003 | -0.015 0005 | 0.87 4001 | 0.076 #0006 | 0.021 40003 | -0.011 0004 | 0.004 001
% CHyCN 0.017 40004 | -0.015 0004 | -0.017 $0005 | 0.005 0005 | 0.84 4002 | -0.004 0004 | -0.003 0003 | -0.009 +003
% CH50H -0.007 $0003 | 0.003 +0002 | -0.005 #0004 | 0.017 40003 | 0.004 0004 | 0.78 4001 | -0.022 0002 | -0.012 0006
o
= H20 0.004 #0005 | 0.004 #0002 | 0.027 +0008 | 0.015 0004 | 0.004 #0009 | -0.012 #0004 | 0.64 4003 | -0.053 0005
NH; 0.004 #0005 | 0.004 #0003 | 0.027 +0005 | 0.002 0005 | 0.013 #0005 | 0.046 #0005 | 0.010 #0004 | 1.03 2002




340

Table VIII-8. Slopes and uncertainties from linear regressions of PCSA concentration correlation data. Calibration and prediction
were performed using the optimized spectral ranges and DFF parameters. Spectra collected at various overall pressures
were used for calibration.

Pure analyte (Prediction)

Species | CHsCH,CHO | CH;CH,CN | CHsCH,OH CH5CHO CH5CN CH5OH H,0 NH;
CHyCH,CHO | 0 65 1006 0.05 003 0.034008 | 0.081002 | 0.19#004 | 0.007#002 | 0.034006 | -0.009 003

T CH:CHCN 1 0021002 | 0.69 2002 0.044002 | 0011002 | -0.02#002 | 0.03#001 | -0.03#002 | 0.05003

E CHsCH:OH | 9041001 | -0.073001 | 0.65%003 | -0.01:002 | 0.01240003 | 0.007 40009 | 0.053001 | 0.12 003

=

E CH;CHO | 9,003 10003 | -0.006 $0004 | -0.029 #0007 | 0.85#001 | 0.005 40007 | 0.081 40006 | 0.006 0005 01001

% CH:CN 1 0,009 $0005 | -0.035 #0004 | -0.003 #0008 | 0.008 0005 | 0.679 #0005 | 0.002 #0005 | -0.017 0005 | -0.016 +0.004

% CH:OH | 000240002 | 0.006$0003 | -0.013 0003 | 0.018 #0003 | -0.004 0003 | 0.802001 | -0.034 0004 | -0.029 0003

e

= H,0 -0.004 #0003 | 0.0008 0003 | 0.013 +0008 | -0.006 0004 | 0.01#001 | 0.007 0004 | 0.64003 | -0.113 0009

NH; 0.050 $0009 | 0.01840008 | 0.064001 | 0.0650008 | 0.047 #0008 | 0.034 $0006 | 0.013 0007 | 1.16 002
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The difference in chemical selectivity is significant in models constructed for
propionitrile, acetaldehyde, acetonitrile, and ammonia for both pressure range data sets.
Models for ethanol and methanol at various overall pressures also exhibit significant
differences in chemical selectivity when comparing wavenumber optimized and
DFF/wavenumber optimized models. While these trends reinforce the benefits of
wavenumber selection and pre-processing, the changes between models using
wavenumber optimization and those using optimized DFF and wavenumber ranges are
sensitive to the parameters used in construction of the model and can vary greatly.

Slopes obtained with the different sample pressures (1 atm or various overall
pressures) were also compared with the #-test. Chemical selectivity of models
constructed with the full spectral range changes significantly when the overall pressure of
the sample is varied. Differences between the slopes are still significant when comparing
the data sets using optimized wavenumber ranges, but the magnitudes of almost all
differences are greatly diminished. This trend is broken when comparing models using
wavenumber and DFF optimization, as some changes are significant, and some are not.
Models for propionaldehyde, propionitrile, acetaldehyde, acetonitrile, and ammonia
undergo significant changes in chemical selectivity when the overall pressure is varied.
Chemical selectivity of models constructed for ethanol, methanol, and water vapor are
insensitive to the change in overall sample pressure. This may contraindicate the need
for DFF pre-processing, as minimal change is observed in the chemical selectivity.
Likewise, for some PLS regression models, the errors of prediction were not improved

significantly (or at all) when DFF pre-processing was utilized.

Conclusions
Chemical selectivity of the quantitative models described in previous sections is
demonstrated. Significant differences in chemical selectivity are observed when

wavenumber optimization or DFF/wavenumber optimization are utilized in construction
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of the regression models. Differences in selectivity between wavenumber-optimized and
DFF/wavenumber optimized models were not consistent, perhaps demonstrating the
sensitivity of selectivity to the selected digital filters for some species. The effect of the
overall sample pressure on chemical selectivity was also verified by comparing the slopes
from the PCSA. Slopes obtained from PCSA may provide an additional metric for
evaluation of wavenumber bounds or pre-processing parameters during optimization

procedures.
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CHAPTER IX
SOURCES OF ERROR AND FUTURE STUDIES FOR GAS SAMPLE
ANALYSIS

Estimation of Gas-Phase Dimerization

Molecules are known to form dimeric or higher-order polymeric structures while
in a gaseous state.”> Theoretical and experimental work has been devoted to the study of

357 . 358
1,”°" ammonia-water,

this phenomenon for complexes such as water vapor,’>° methano
ammonia,>>” *** water-methanol,*®' HF-HCL,*** and HCN-HF,** amongst others. Dimer
or polymer formation is the result of intermolecular forces such as hydrogen-bonding or
dipole-dipole interactions. Though molecules are of rather low density while in the gas-
phase, passing molecules can associate with each other under the right conditions.
Mechanisms for dimer formation have been reported, and studies suggest that formation
only requires collision of two species, as opposed to the previously-held belief that
formation was the product of collisions between three molecules.’®* Dimerization of gas-
phase species is of interest because different spectral features for the dimeric species
represents a potential source of error in the reported measurements.

Curtiss and Blander described several methods for analysis of gas-phase dimer
formation such as “gas imperfection”, thermal conductivity, and spectroscopic
methods.>> Gas imperfection analyses involve the study of physical properties of the
gaseous mixtures such as the speed of sound, vapor density, or pressure-volume-
temperature behavior.>> Spectroscopy, as Curtiss and Blander point out, should be the
most accurate of these methods for determination of the thermodynamic properties of
gas-phase dimers because it is a direct method.>>> Furthermore, spectroscopic methods
are chemically selective, allowing discrimination between species, while the indirect
methods do not provide any meaningful specificity. When working with vibrational

spectroscopic methods, it can be difficult to distinguish between the features of the
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monomeric and di/polymeric species. Thus, this is an application particularly suited to
rotational spectroscopy, as the spectra of the monomeric and complexed species would be
markedly different because of the large change in the inertial moment(s) and possible
changes in symmetry (changes in the rotor classification).
Dimerization may be represented by the following chemical equation

My + Mg = Dyp Equation IX-1
where M, and Mg are monomers, and D is the dimer, similar to the form prescribed by
Pine,*®* with the exception of allowance for mixed dimeric species, i.e. those comprised
of two different molecules. Given this chemical equation, the concentration of the
dimeric species may be determined by rearranging the equation for the equilibrium

constant K,

Ko = [D4s] Equation IX-2
P MAIM;]
yielding
[Dagl = Kp[Ma][Mg] Equation IX-3

Since the concentrations of the monomeric species are known from the reference
concentration measurements (provided by the manometer readout), the concentration of
the dimeric species may be estimated to assess the contribution of dimerization to the

observed errors of prediction.

Experimental
Equilibrium constants reported in sources cited by Curtiss and Blander were
assembled and averaged, as shown in Table IX-1. It is worth noting that these values
only represent the formation of dimers between two molecules of the same species.
Equilibrium constants for mixed or hetero-dimers are somewhat rare. Those which were

found represented dimers comprised of species of interest bound to haloacids. To
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compensate for the lack of credible values, the concentrations of mixed dimers were
calculated using the larger of the two homo-dimer constants for each of the species in the
hetero-dimer. No equilibrium constants were found for propionitrile or propionaldehyde,

so these values were assumed to be equal to the methyl analogs of the respective species.

Table IX-1. Reported equilibrium constants for dimer formation. Mean equilibrium
constants are provided for each species.

Species Kiita Kiit2 Kiits Kiita Kiits Kiits mean
CH5CH,0OH 0.0231 0.0236 0.0391 0.0286
CH;CHO 0.00579 0.0086 0.00719
CHsCN 0.035 0.0612 0.0206 0.0389
CH;OH 0.0191 0.0192 0.0177 0.0378 0.0177 0.0012 0.0188
H,0 0.005 0.0193 0.0111 0.0118
NH3 0.0005 0.0005
Results

Calculated concentrations of dimers containing each species for sample mixtures
prepared at 1 atm overall pressure are illustrated in Figure IX-1. Concentrations of the
dimer-bound species range from 0 to 0.0548 ppm. Though several assumptions were
made in calculation of these values, the resulting values demonstrate the magnitude of
error contributed by this phenomenon. In fact, the K values would need to increase by 2
to 3 orders of magnitude for this variation to be comparable to the observed errors of
prediction. Were the K value to be increased by this amount, this would mean that more
species would be present in a dimerized state than in a monomeric state, and the
spectroscopic features of the dimeric species would become apparent contributors in the

THz spectra of the sample mixtures. No features could be seen in the reported data
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which would be attributed to absorption features of the dimeric species. Furthermore,
HITRAN, the CDMS database, and the JPL spectral database do not currently include

spectral parameters explicitly attributed to dimeric species.
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Figure IX-1. Estimated concentrations of dimers containing each species of interest.

Conclusions
While dimerization of gas-phase species presents a plausible source of error, it is
negligible when compared to the errors of prediction from the PLS regression models.
Dimerization of species in gas-phase samples such as these could represent ~ 0.1% of the
total error, given the calculated concentrations. Further investigation of this phenomenon
might include preparation of mixtures at elevated concentrations such that the spectral

features of dimerized species could be distinguished. K values could be estimated for the



347

species of interest based on quantitative comparison of monomer spectral features with

dimer spectral features.

Suggested Investigation/Future Studies

Terahertz radiation in the sample compartment of the TeraView TPS Spectra
1000D has a beam profile similar in shape to an hour glass turned on its side. This
profile is a result of the configuration of optical components within the apparatus, which
focuses the THz beam to a diffraction-limited waist near the center of the sample
compartment, as shown in Figure IX-2. This helps to achieve high optical throughput
with samples which are small by comparison with a collimated beam profile, but this
configuration may also be a source of non-linearity in quantitative efforts. The diameter
of the THz beam is also frequency dependent, which results in a narrowed hour-glass
shape at short wavelengths and a broad shape at long wavelengths, as indicated in Figure

IX-2.

--saiifssmm | Ong wavelengths

-~saiifssmm Short wavelengths

Figure IX-2. Beam profile in the TeraView TPS Spectra 1000D sample compartment.
Half-path lengths are indicated by green lines for long and short wavelengths
(1/2 by and 1/2 b, respectively).

Comparison of the two half-path lengths represented in Figure IX-2 reveals a longer path

length at low frequencies at the edge of the beam profile, which can be confirmed using
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the Pythagorean Theorem. This is thought to impart some level of non-linearity in the
observed spectral features due to alteration of the beam profile by changing refractive
indices. If the refractive index is increased by elevated concentrations within the gas cell,
the focal point of the beam profile should move to the left, assuming photons travel from
right to left in Figure IX-2. As a result, the path length would thus become not only a
function of frequency, but also of sample concentration. This effect could be further
complicated by dispersion, a phenomenon in which the refractive index becomes
nonlinear, especially in frequency ranges bordering strong absorption features.
Suggested studies would involve calculation of the refractive index for the investigated
samples and simulation of the beam profile under different sample conditions to estimate
the change in path length.

As described in the theoretical background of rotational transitions, the height of
the observed spectral peaks is in part dependent on the temperature of the sample. While
temperature control was used on the manifold and transfer line to reduce error in sample
concentration measurements, the cell itself was not insulated or temperature controlled,
and the measured gas temperatures fluctuated by a few degrees within and between some
data sets. Fluctuation of temperature within a data set may account for some level of
predictive error, though this is expected to be relatively miniscule, as the within-set
standard deviation was typically close to 0.2 °C, or close to the precision of the
temperature readout unit. However, ppm-range spectra of pure component samples
differed from the sample mixture data sets by as much as 5°C, which may have some
effect on the slopes calculated for the PCSA. Suggested studies would involve
calculation of the spectra for the species of interest at various temperatures to ascertain
the magnitude of the change in absorptivity with changing temperature.

Further studies may be warranted in evaluation of the impact of spectral
resolution on the robustness of the method for this application. Results described for the

study of resolution only evaluate the impact of spectral resolution on the precision of the
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quantitative models, but less attention was given to the interplay between selectivity and
resolution. Suggested studies would involve the calculation of SEL ratios from spectra
calculated with varying spectral resolution as well as PCSA with such modified data.
This would provide insight into the potential benefits (or negative impact) of spectral

resolution optimization for each species.
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CHAPTER X
THZ-TDS ANALYSIS OF POLYMER SAMPLES

Background

Polymeric materials have been used widely in THz applications, as described in
Chapter I. Often times, powdered polymers are used as a support matrix for samples due
to their transparency in the THz frequency range. These materials are also used as optical
components due to the ease of working and low loss compared to high refractive index
materials, such as silicon or quartz.*®>**® Researchers have noted correlation between the
THz spectral features and physical properties of polymers, such as the composition,*®”*®
thermal history,’®® and glass transition temperature.*®’

Spectral properties of these materials can change under certain conditions,
confounding or at least complicating spectral interpretation and analysis when the
polymer is used as a window or as a sample support matrix. The THz refractive index,
absorption peak magnitude, and absorption peak position have been shown to change at

varying temperatures for different polymers.*®*>"2

While the presence of these features
does not preclude the use of these materials in THz applications, investigators should be
mindful of this variability when designing experiments or selecting optical components.
Changes in the refractive index (in regions distant from absorption peaks) are caused by
thermally-induced changes in the specific gravity of the polymer.>® As the temperature
of the sample decreases, the refractive index is expected to increase as a result of an
increase in the specific gravity.*® In some polymers, a broadband increase in spectral
absorption is also observed at elevated temperatures, arising from increased interstitial
space, that is the distance between polymer chains.*®

The relationship between temperature and free space within the polymer material

has been used to explain the origin of glass transitions.>” In semi-crystalline polymers

such as PTFE or polyoxymethylene, some portion of the polymer exists in an ordered,
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crystalline state, while the remaining portion is a highly-disordered amorphous state. It is
this amorphous phase that exhibits a glass transition.””* As mentioned previously,
changes in temperature affect the density of the polymer material and in turn affect the
interstitial space within the polymer. The glass transition is a temperature range in which
the space between molecules reaches a critical threshold in which polymer chain motion
is constrained or liberated, for cooling or heating processes, respectively.’® As
molecular motion is restricted, long-range order may arise in the polymer structure,
permitting propagation of vibrational modes which were previously absent. Zerbi points
out that the vibrational transitions observed in polymer materials do not arise from
formation of a true crystal lattice as in many biomolecules, but rather from regular
arrangements of polymer chains.” Morphological transitions studied in this chapter are
not glass transitions, but are considered phase transitions which occur as a result of
crystalline ordering and disordering processes.”’® The origin of these transitions is
similar to that of glass transitions in that they arise from changes in the space within the

polymer as well as the length and orientation of polymer chains.

Polvtetrafluoroethylene (PTFE, Teflon®)

Spectral variability was noted by the author while collecting spectra with
ammonia at ppm concentrations as mentioned in Chapter VI. Absorption spectra of these
samples are shown in Figure X-1. Sharp, intense absorption peaks near 18, 38, and 40.5
cm’ are rotational transitions of ammonia molecules. Baseline between these peaks is
disrupted by a broad, low-magnitude feature that does not appear to have a consistent
position and is not attributed to any of the species of interest. The changing sign of the
magnitude of the absorption in this range is a result of changes in the peak magnitude
between acquisition of the reference and sample spectra. When the absorption of greatest
magnitude in this region was plotted as a function of the change in temperature between

the reference and sample, a linear trend was observed, illustrated in Figure X-2. Potential
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sources of variation were considered aside from gas-phase species due to the character of
the observed features, and literature was found in which spectral features of PTFE (the

gas cell window material) were characterized at varying temperatures.

15

=
[=]
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Ul

15 20 25 30 35 40 45
Wavenumbers (cm'l)

Figure X-1. Expanded view of absorption spectra collected with ammonia gas at ppm
concentrations.

Teflon has several physical properties which have made the material attractive for
various applications such as its low coefficient of friction, oleophobicity, and
hydroscopicity. Of particular interest given the reported experimentation is the existence
of a solid-solid phase transition which is known to occur in PTFE at temperatures near 19

°C at 1 atm prc=,ssure.377'381

The glass transition temperature (T,) of PTFE is far removed
from the temperatures measured during gas sample analysis (T, = 160 K, or -113 °C), so
the observed features were to this point attributed to the phase transition. During this

transition, the structure of the polymer changes from 15 CF; groups in 7 helical turns to
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Figure X-2. Peak absorption plotted as a function of temperature change between
reference and sample spectra.

13 CF, groups in 6 helical turns.**

Experimental

To investigate the cause of this baseline shape, several discs were cut from the
same rod of virgin electrical grade PTFE from which the windows had been cut. Each
side of these discs was polished to improve throughput of THz by reducing scattering.
Data were collected from a disc which was 3.43 mm thick. Spectra were analyzed for
each disc to ensure consistency between pieces prior to data acquisition. Discs were held
in the beam path within the TPS Spectra 1000D by a custom sample holder, shown
schematically in Figure X-3. Stable alignment was maintained with a sample retaining
clip. Thermocouple probes were held in place by alligator clips against each side of the
polymer discs to provide temperature readings during measurement, and the readings

from each side were recorded at the start and end of spectral acquisition for each sample.
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Readings were averaged to produce a single temperature for each sample spectrum. The
temperature of the polymer sample was adjusted by blowing cooled or heated dry air on
the sample. Spectra were collected as the average of 1800 scans at a spectral resolution

of 1.2 em™. A total of 20 spectra were collected from 8.1 to 35.9 °C, covering the

temperature range in which the solid-solid phase transition is expected to occur.

Cooled/Heated
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Dry Air Inlet
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Polymer
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hvry,
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Clip

Figure X-3. Schematic representation of the configuration used for polymer sample
analysis.

Results
Unprocessed experimental data are shown in Figures X-4 and X-5. Weak
absorption peaks are visible in the THz spectrum near 31, 41, and 52 cm™ at decreased
temperatures. These features shift in position and decrease in magnitude as the
temperature of the sample increases, until they are ultimately indistinguishable. Some
seemingly non-random character is evident in the absorption spectra at the high

frequencies, possibly attributable to a polymer chain extension vibration, according to
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Figure X-4. Experimental THz absorption spectra of a PTFE disc at various
temperatures. Spectra are offset vertically by 0.05 A.U. and sorted by
temperature. Lines indicate observed peak positions.
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Figure X-5. Experimental THz refractive index spectra of a PTFE disc at various
temperatures. No offset is added to these spectra.
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Chantry and colleagues.”™ No attention is devoted to interpretation of the shape or

magnitude of this portion of the spectrum, as the peak center frequency assigned to this

-1382 -1383

transition (136 cm or 140 cm™ ") is outside the useable bandwidth. The slope of the

baseline has also been discussed before.****!

Some dispersion can be seen in the refractive index spectra, with refractive
indices changing by about 0.003 across the useable bandwidth. The mean refractive
index varies with temperature, as has been described by other researchers.*®**"
Dispersion increases in the vicinity of the observed absorption features as the magnitude
of absorption increases. The spectral baseline was linearized by fitting two spectral
regions with a cubic polynomial function in the 10.71-26.87 and 62-80 cm™ spectral
regions. Difference spectra were calculated by subtracting the spectrum collected at
35.93 °C from the remaining spectra. This provides a much clearer picture of the
changes in the measured spectrum, as illustrated in Figure X-6.

The standard deviation of 3 replicate spectra collected with the PTFE disc with
minimal temperature variation is plotted in Figure X-6 as a bold dotted black line. These
spectra were collected by removing and re-inserting the sample holder between times of
spectral acquisition, a procedure which mimics that of the temperature-variant data.
Comparison with the standard deviation reveals the significance of the observed spectral
features. While the magnitude of features below 25 cm™ appears significant when
compared with the standard deviation, these features are known to arise from reflections
within the pellet and should be disregarded. These would ordinarily be eliminated by
calculation of the spectral differences, but the thickness of the pellet varies with the
change in temperature, and thus the frequency of the observed etalon varies from one
sample to another. The change in thickness across this temperature range is expected to
be less than 0.015 mm, depending on the grade of Teflon.

The DFF pre-processing method utilized for quantitative analysis of the gas

samples could be used for solid samples such as these, however given the width and
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periodicity of the baseline artifacts, their removal with DFF pre-processing results in
significant scarification and attenuation of the features of interest. Absorption spectra
provided for the PTFE sample were calculated with TDS truncation to reduce the
appearance of reflection-induced artifacts, but the presence of other periodic features in
the TDS in closer proximity to the main peak prevents the total elimination of these
artifacts in the resulting frequency-domain spectrum.

In general, the magnitude of the absorption peaks near 41 and 51 cm™ increase
with decreasing temperature, and the peak near 30 cm™ is observed at temperatures near
the phase transition temperature. Experimental spectra were fit with Gaussian profiles, as
the quality of fit was consistently higher for this line shape compared to either Lorentzian
or Voigt line shapes. Spectra were fit with 4 peaks near 30.8, 33.6, 41.6, and 50.2 cm™,
Figure X-7 illustrates a representative experimental spectrum with the calculated fit and
residuals of the fit. Figure X-8 displays the fitted peak height as a function of
temperature. The height of the peaks at 41.6 and 50.2 decrease sharply as the
temperature increases in the vicinity of the 19 °C solid-solid transition temperature. In
addition to the steep decrease in peak magnitude, two weak transitions increase in
magnitude near the phase transition temperature, and decrease above this temperature.
Another popular way to visualize trends in spectral peaks is to plot the integrated peak
area as a function of the independent variable, as shown in Figure X-9. Similar trends
may be seen in the peak areas. The sharp decline in peak height and peak area near the
transition temperature suggest the utility of THz spectroscopy for non-contact, non-
destructive identification of solid-solid phase transition temperatures in polymers.

According to results reported in the scientific literature, the glass transition
temperature of a polymer may be determined by measuring the THz refractive index of a
polymer at various temperatures surrounding the glass transition temperature.*®" "
Refractive index values determined for the PTFE discs was plotted as a function of

temperature to evaluate the utility of this method for identification of other solid-solid
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Figure X-6. Difference spectra from the PTFE sample.
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Figure X-7. Representative plot of experimental data (collected at 20.68 °C), fitted
spectrum, and spectral residuals from a PTFE sample.
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transitions, as shown in Figure X-10. In this plot, best fit lines were calculated for
refractive index values taken from various points on the refractive index spectrum
displayed in Figure X-5. These points are not the same as the frequencies used for peak
fitting, as the peak positions varied with temperature. Instead, four points were selected
representing two regions of the refractive index spectra: 39.19 and 54.35 cm™ are near
areas exhibiting dispersion which is sensitive to temperature (close proximity to
absorption bands), and 75.76 and 96.97 cm™ are located in areas of minimal temperature-
dependent dispersion. Fits were performed in two temperature regimes bordering the
observed transition, excluding the measured values at 21.27 °C. The difference in the
refractive index measured at this temperature from those measured at other temperatures
is so great that inclusion of these points in regressions to either side would have produced
large leverages.

According to Wietzke et al., transition temperatures are marked by a change in the
slope of the refractive index as a function of temperature.*® Slopes and y-intercepts of
the best-fit lines (provided in Table X-1) were compared with a 1-tailed #-test (at 95%
confidence) to evaluate the significance of the change in parameters. Calculated ¢ values
are provided in Table X-2. Both the slopes and intercepts changed significantly between
the low- and high-temperature regimes. This supports the utility of Wietzke’s method for
identification of solid-solid phase transitions. While not observed clearly in the refractive
index data, an additional phase transition is known to occur in PTFE near 30 °C.*"® The
fitted peak area, and to some extent the fitted peak height of the spectral peak near 50.2
cm’' exhibit a second dip in magnitude near 30 °C. These vibrational modes are weak or
nonexistent beyond ~22.5 °C, so the authenticity of this second dip is uncertain.

Observed peak positions are not totally congruous with those reported in the
literature, and those reported in the literature are often not in agreement. Two
explanations for these discrepancies are proposed here. Given that the thermal history of

polymers may affect the observed THz spectral response, the observed feature may be
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Table X-1. Equations for best-fit lines plotted in Figure X-10.

Low Temperature (< 21.27 °C)

Wavenumber (cm™)

Equation

39.19 N = -6E-5 (+ 3E-5)T + 1.3874 ( 8E-4)
54.35 N = -7E-5 (+ 3E-5)T + 1.3872 (+ 7E-4)
75.76 N = -7E-5 (+ 2E-5)T + 1.3875 (+ 7E-4)
96.97 N = -7E-5 (+ 3E-5)T + 1.3884 (+ 7E-4)

High Temperature (> 21.27 °C)

Wavenumber (cm™)

Equation

39.19 N = -1.5E-4 (+ 2E-5)T + 1.3921 (+ 3E-4)
54.35 N = -9.4E-5 (+ 1E-5)T + 1.3899 (+ 2E-4)
75.76 N =-1.1E-4 (+ 1E-5)T + 1.3908 (+ 2E-4)
96.97 N = -1.1E-4 (+ 2E-5)T + 1.3916 (+ 2E-4)
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Table X-2. Calculated #-values for comparison of regression parameters. The critical ¢-
value is 2.1.

Wavenumber (cm™) Intercept Slope
39.19 17.9 7.3
54.35 11.2 2.7
75.76 14.0 4.2
96.97 13.2 4.0

unique to these samples due to the preparation procedure. The composition of samples
described in the scientific literature is not totally clear, as some blends of PTFE may
contain polymers from previous batches or other polymer materials. Samples analyzed
herein were virgin electrical grade PTFE, meaning that no additives were used in polymer

fabrication.

Polyvoxymethylene

Polyoxymethylene (POM) is a semi-crystalline thermoplastic produced by
DuPont under the trade name Delrin® which offers a low coefficient of friction and high
mechanical rigidity. This polymer exhibits two transitions: one weak transition observed
around 0-15 °C and a strong transition at -80 °C.*** While often molded into various
shapes, POM may also be machined due to its high rigidity. The chemical formula of

POM is illustrated in Figure X-11.

Experimental
To investigate the solid-solid phase change in POM, several discs were cut from a
single piece of polymer. No further sample preparation was performed, as the polymer
strip was provided with a smooth surface. Data were collected with a disc which was

1.05 mm thick. Spectra were analyzed with each disc to ensure consistency between
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pieces prior to data acquisition. Discs were held in the beam path using the same sample
holder shown in Figure X-3. Temperature was measured and mean temperatures were
calculated using the same method as for analysis of the PTFE samples. Spectra were
collected as the average of 1800 scans at a resolution of 1.2 cm™. A total of 20 spectra
were collected from -52.0 to 33.2 °C, covering the temperature range in which the

aforementioned weak solid-solid phase transition is expected to occur.

Figure X-11. Formula of POM polymer.

Results

Absorption spectra collected with the POM sample and calculated with TDS
truncation are shown in Figure X-12. The shape of the baseline appears more linear than
that of the PTFE samples. Two absorption peaks are visible in these spectra near 41.5
and 91.7 cm™. Overall, absorption of the THz frequencies is higher in POM than in
PTFE samples. The shape of the spectrum does not appear to change significantly with
the changing temperature — no distinct peaks appear in the spectrum as the temperature
changes, unlike the spectra of PTFE. The position, height and width of the absorption

peaks appear to change slightly with temperature, however.
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The THz refractive index of POM is provided in Figure X-13. Like PTFE, POM
exhibits some dispersion in the THz range, with slight changes in the shape and
magnitude of the refractive index as the temperature varies. Strong oscillations are
visible in the refractive index spectrum at low frequencies, which are the result of
reflections within the POM sample. Dispersion is greatest in the vicinity of the 91.7 cm™
transition. Weak dispersion is expected in the refractive index spectrum near the 41.5

cm’ transition, but this obscured by the etalon artifact.
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Figure X-12. Raw absorption spectra measured with a POM sample.
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Figure X-13. Refractive index spectra measured with a POM sample.

Spectra were prepared for peak fitting using a cubic polynomial fit of the baseline
regions at 11.5-33.94, 47-80, and 103-106 cm™, producing the spectra plotted in Figure
X-14. DFF pre-processing was used to eliminate high-frequency noise and spectral
artifacts, producing the absorption spectra plotted in Figure X-15. Difference spectra
were not calculated from the POM data because all absorption spectra contained the
spectral features of interest, and the baseline was adequately removed by subtracting the
cubic function from the spectra. At the lowest temperature, a slight peak at 78 cm™
appears, which may be associated with the glass transition at -80 °C, but this temperature
could not be achieved with the described apparatus to verify the source of this feature.
Figure X-16 illustrates a representative spectrum of the POM sample with the

corresponding fit and residuals for each of the two spectral peaks.
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Figure X-14. Baseline-corrected absorption spectra of a POM polymer sample.

03 T T T T T T T T T

Absorbance (A.U.)

Wavenumbers (cm'l)

Figure X-15. Baseline-corrected, DFF pre-processed absorption spectra of a POM
polymer sample.
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Figure X-16. Representative plot of experimental data (collected at -51.98 °C), fitted
spectrum, and spectral residuals from a POM sample. Residuals are offset by
-0.025 A.U. for comparison.

As with the PTFE sample, peaks in the absorption spectra were fit with Gaussian
profiles. Peak parameters from the fits were plotted as a function of temperature in an
attempt to identify the weak solid-solid transition near 0-15 °C. The peak height, change
in peak position, width, and area were plotted as a function of temperature, shown in
Figures X-17, X-18, X-19, and X-20, respectively. The relationship between the peak
area and sample temperature was re-evaluated using values normalized by the areas
calculated at 22.8 °C to improve visualization of the trend, plotted in Figure X-21. Best-
fit line parameters for all linear regressions are provided in Table X-3, and Student’s ¢

values from comparison of the parameters are provided in Table X-4.
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Figure X-17. Fitted peak height plotted as a function of the POM sample temperature.
Samples collected at temperatures above the reported transition are fit with a
dotted line and samples collected below the reported transition are fit with a
solid line.
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Figure X-18. Fitted peak position change (relative to the position determined at 22.8 °C)
as a function of temperature. Samples collected at temperatures above the
reported transition are fit with a dotted line and samples collected below the
reported transition are fit with a solid line.
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Figure X-20. Fitted peak area plotted as a function of temperature. Samples collected at
temperatures above the reported transition are fit with a dotted line and
samples collected below the reported transition are fit with a solid line.
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Figure X-21. Normalized fitted peak area plotted as a function of temperature. Areas
were normalized by the value calculated at a temperature of 22.8 °C. Samples
collected at temperatures above the reported transition are fit with a dotted
line and samples collected below the reported transition are fit with a solid
line.



Table X-3. Linear regression parameters from peak fit analysis regressions. Parameters are provided for temperatures above and

below the glass transition temperature range.

Peak 1 (41.5cm™)

T<0°C T>0°C
Trend m Sm b Sp m Sm b Sh
Hvs. T 1.8E-04 1E-05 2.07E-02 3E-04 2.02E-04 5E-06 2.02E-02 1E-04
Svvs. T -1.2E-02 1E-03 3.9E-01 3E-02 -2.0E-02 1E-03 4.1E-01 3E-02
Wvs. T 1.0E-02 1E-03 2.86E+00 3E-02 7.9E-03 7E-04 2.83E+00 2E-02
Avs. T 1.3E-03 1E-04 1.17E-01 2E-03 1.55E-03 6E-05 1.15E-01 2E-03
A(norm)vs. T 8.4E-03 6E-04 7.7E-01 1E-02 1.02E-02 4E-04 7.6E-01 1E-02
Peak 2 (91.7 cm™)
T<0°C T>0°C
Trend m Sm b S m Sm b Sp
Hvs. T -2.1E-03 1E-04 1.58E-01 3E-03 -1.4E-03 1E-04 1.59E-01 4E-03
ovvs. T -4.4E-02 2E-03 9.7E-01 5E-02 -4.9E-02 2E-03 1.05E+00 5E-02
Wvs. T 4E-03 1E-03 3.79E+00 2E-02 8E-03 5E-03 3.8E+00 1E-01
Avs. T -1.38E-02 9E-04 1.20E-00 2E-02 -1.0E-02 2E-03 1.22E+00 6E-02
A (norm)vs. T -1.31E-02 9E-04 1.15E+00 2E-02 -9E-03 2E-03 1.16E+00 6E-02
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Table X-4. Calculated ¢ values from comparison of the regression parameters provided in

Table X-3.
Peak 1 (41.5cm™)
Intercept Slope
Trend terit tealc terit tealc
Hvs. T 2.10 1.94 2.20 3.54
Svvs. T 2.10 6.91 2.10 16.58
Wvs. T 2.10 0.12 2.10 5.32
Avs. T 2.10 2.80 2.10 7.83
A(norm)vs. T 2.10 2.80 2.10 7.83
Peak 2 (91.7 cm™)
Intercept Slope
Trend Lerit teale terit teale
Hvs. T 2.10 0.11 2.10 10.81
Svvs. T 2.10 3.38 2.10 5.25
Wvs. T 2.18 0.39 2.16 2.81
Avs. T 2.13 0.93 2.12 5.81
A(norm)vs. T 2.13 0.93 2.12 5.81

Strong linear trends were observed between all of the fitted spectral parameters
and the measured temperature. The high-frequency vibrational transition peak decreased
in magnitude as the temperature increased, while an opposite trend was observed in the
peak toward the low-frequency end of the spectrum. Both peaks shift towards lower
frequencies and become broader as the temperature increases. Trends in the fitted peak
areas are similar to those of the peak height. The slope from the relationships between
normalized peak area and temperature show similarity in the rate of change in the area,

though no structure or chemical significance is inferred from this observation.
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As with PTFE samples, the refractive index was plotted as a function of
temperature to investigate the relationship between sample temperature and the measured
refractive index. A plot of the refractive index at several frequencies is provided in
Figure X-22. The refractive index measured at the lowest temperature is excluded from
the linear fits because the error in the measured temperature is expected to be very large.
For this particular sample, the temperature measured on each side indicated a large
temperature gradient was established across the sample (-81.3 °C on the chilled side of
the disc and -25.5 °C on the other side at the start of spectral acquisition). Furthermore,
the measured values on the chilled side changed by several degrees during data
collection. Both of these effects are explained by heat transfer between the sample and
holder, as well as transfer between the sample and the instrument’s supply of dried
purging air. Regression parameters for the best fit lines are provided in Table X-5, and
the calculated Student’s ¢ values from comparison of the regression parameters are shown
in Table X-6.

As with the PTFE sample, the refractive index underwent a significant change
both in the slope and y-intercept near the expected solid-solid transition temperature. The
change in the measured refractive index of POM was opposite of the change observed in
PTFE, with higher refractive indices measured at elevated temperatures. The change in
refractive index observed for POM was also opposite that which was reported by Wietzke
and colleagues,’® but this difference in trends may be explained by the anisotropy of the
thermal expansion of POM. The chain spacing in crystalline POM is known to decrease
with increasing temperature in the (009) plane, whereas a remarkable increase in spacing
is observed with increasing temperature in the (100) plane.*® This may also explain the
discrepancy between the observed spectral peak positions and those reported in the
literature.’”> Amrhein and Heil reported a peak for POM near 90 cm™.**

No mention of the peak near 41.5 cm™ was found in the THz or far-IR literature.

While Wietzke’s work covered this spectral range, no absorption spectra were provided
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Figure X-22. The THz refractive index of POM at various temperatures. Best fit lines
are provided for values measured at several frequencies. Outlying points are
marked with x’s and are not included in the regressions. Samples collected at
high temperatures (above the reported transition temperature) are fit with a
dotted line, while samples collected at low temperatures are fitted with a solid
line.
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Table X-5. Regression parameters from the relationship between sample temperature and
measured refractive index.

Low Temperature (< 6.35 °C)

Wavenumber (cm™) Equation
75.56 N = 3.9E-4 (£ 4E-5)T + 1.6490 (+ 6E-4)
87.88 N = 3.8E-4 (£ 4E-5)T + 1.6495 (+ 7E-4)
91.92 N =3.7E-4 (£ 4E-5)T + 1.6481 (+ 7E-4)
94.95 N = 3.9E-4 (£ 4E-5)T + 1.6459 (+ 6E-4)

High Temperature (> 6.35 °C)

Wavenumber (cm™)

Equation

75.56 N = 8E-5 (+ 5E-5)T + 1.6467 (+ 1E-3)
87.88 N = 6E-5 (+ 5E-5)T + 1.6473 (+ 1E-3)
91.92 N = 6E-5 (+ 5E-5)T + 1.6458 (+ 1E-3)
94.95 N = 1.0E-4 (£ 5E-5)T + 1.6437 (¢ 1E-3)

Table X-6. Calculated ¢ values from comparison of the regression parameters provided in
Table X-5. The critical ¢ value is 2.1.

Wavenumber (cm™) Intercept Slope
75.56 5.2 15.2
87.88 4.5 16.1
91.92 4.8 15.2
94.95 4.8 15.0

for comparison.”®

Furthermore, this vibrational transition increases in intensity with

increasing temperature, which means it might be attributed to motions in the amorphous

fraction of the polymer. This would in turn prevent its observation in experimentation

with samples having high levels of crystallinity.




376

Conclusions

Spectroscopic investigation of polymers with the THz-TDS method has been
demonstrated. Various spectral parameters provide insight into the properties of
polymers, and the temperature at which solid-solid phase transitions occur may be
gleaned from refractive index and/or absorption spectral features, depending on the
particular polymer. A solid-solid phase change was observed in PTFE near 19 °C using
both spectral features and the refractive index method described by Wietzke and
colleagues.’®®*" Absorption spectral features of POM did not provide strong evidence
of a solid-solid phase transition, but analysis of the refractive index at several frequencies
provided evidence of a transition between 3 and 6 °C. This method provides a non-
contact and non-destructive alternative to differential scanning calorimetry for
determination of phase transition temperatures, as was also concluded by Wietzke et al.**’

Several modifications are suggested for further investigation of this topic.
Incorporation of a temperature-controlled cryostat would improve control over the
temperature of the sample and would reduce the magnitude of the temperature gradient
across the polymer disc, due to insulation provided by evacuation of gases from the
cryostat sample chamber. This would also enable analysis of a wider range of polymers,
beyond those exhibiting phase transitions near room temperature. The experimental
procedure could be changed to include reference spectral acquisition at the start and end
of data collection to reduce spectral variability resulting from un-mounting and re-
mounting of the sample holder within the beam path. Thinner samples should not be
used for reduction of thermal heterogeneity, as the glass transition temperature is
depressed in thin polymer layers.*®’

Several studies are suggested based on the reported results. The anisotropic
nature of the thermal expansion of POM suggests further investigation into the THz
spectral features of polymers and the potential directionality of said features. Given that

toughness can be affected by the crystallinity of a polymer,**® the THz-TDS may provide
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a rapid and non-destructive method for the quantitation of crystallinity, as it is this
fraction of the polymer material which exhibits distinct THz features. Further studies are
warranted in the investigation of the phase transition in PTFE near 30 °C, as the observed
change in absorption was relatively weak. More spectra could be collected around this
temperature range with a thicker piece of PTFE to provide increased absorption, and thus
greater certainty regarding the change in the spectral features. Analysis of POM at
temperatures higher than those accessible with the current apparatus are also suggested
for investigation of the vibrational transition near 41.5 cm™. Should this peak continue to
increase in magnitude as the sample temperature nears the melting point, the source of
this peak may be better ascertained. If POM samples are available with varying

crystallinity, spectroscopic analysis of these samples should test this hypothesis.
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CHAPTER XI
THZ-TDS ANALYSIS OF DENTAL TISSUES AND COMPOSITES

Background
As mentioned in Chapter I, the THz-TDS method has been applied for analysis of

dental tissues in both healthy and damaged states. Given the utility of the method in
these applications, a series of experiments were performed in collaboration with Dr.
Stephen Armstrong of the University of lowa’s College of Dentistry to evaluate the
utility of THz-TDS for non-contact and non-destructive investigation of bond quality
between dental tissues and reconstructive composite materials and adhesives. Such an
evaluation would prove useful in diagnostic settings where composite/tissue bond
strength may not be evaluated by destructive tensile or shear strength mechanical testing.
Even in controlled laboratory settings, mechanical failure testing has proven to be a

complex undertaking, with many variables affecting the failure rate of such bonds.”®">*

Experimental

Several non-carious, un-restored human molars were acquired less than 6 months
from the extraction date and were mounted in dental stone at the roots. The occlusal
surface (the surface of the tooth used to chew food) was abraded to expose the dentin
using a carbide bur (US No. 55: Brasseler, Savannah, GA, USA) under an air-water spray
within a custom cutting device (Computer Numeric Controlled Specimen Former:
University of lowa). Adhesives were applied and cured according to the manufacturers’
directions. Each exposed dentin surface was dried with oil- and water-free pressurized
air, with the manufacturers’ prescribed distance and angle. Composite brands and lots
are listed in Table XI-1.

Photo-polymerization was carried out using a dental light curing source (Optilux
500, Kerr, Orange, CA, USA). Light output was calibrated with a 6 integrating sphere
and a UBS2000 spectrometer (Medical College of Georgia, Augusta, GA, USA).
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[llumination was performed at a distance of approximately 1 mm from the sample

surface.

Table XI-1. Dental composite brands, manufacturers, and lot numbers.

Brand Type Manufacturer Lot
Bond Force SE 1 step 1 bottle | Tokuyama Dental | 021E29A
Optibond FL ER 3 step Kerr 3471551
Estilite Sigma Quick Supra-nanofill Tokuyama Dental E464

Resin-based composite was applied to the dentin surface and cured with light for 40
seconds. Consistent illumination was achieved with the help of a custom holder for the
illumination device. Following curing, samples were stored in artificial saliva and later
sectioned with a water-cooled low-speed diamond saw the following day.

Spectra were collected as the average of 1800 scans at a spectral resolution of 1.2
cm’', with the exception of the dentin spectrum, which was acquired at a spectral
resolution of 0.25 cm™ in a preliminary study. Samples analyzed using a custom sample
holder with a small (~0.8 mm) aperture, which provided high spatial selectivity at the
expense of THz radiation throughput. The sample holder is shown schematically in
Figure XI-1. A similar configuration has been reported in the scientific literature.*’
Reference spectra were collected with the empty sample holder after 5 minutes of
purging with dried air. Sample spectra were collected with the sample in the holder
following a similar 5 minute purging period. Foam padding in the sample holder allowed
movement of the piece under study for analysis of various points of interest on the tissue

and composite samples. Samples of the three composites were analyzed, as well as
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composite/tissue structures formed with Bond Force and dentin, and Optibond FL and
dentin.

Samples were analyzed without further preparation such as grinding or polishing.
The thickness of each sample was measured with a digital caliper, and the absorption
spectra and refractive index for each sample were calculated with the TeraView software
(TPS Spectra Analysis and Acquisition Software, Version 1.17.1 TeraView Ltd.,
Cambridge, UK) and analyzed without further processing. Photographs of the dental
composite and tissue samples are provided in Figures XI-2 through XI-10. Regions of
each sample through which the THz pulses were transmitted are indicated with circles
(and numbers, when appropriate) in each figure. Circles are illustrated approximately to
scale. In cases where THz pulses were transmitted through the samples at an angle
perpendicular to the dentin-composite interface, samples were analyzed in one direction
such that the THz pulses traveled from the composite to the dentin, mimicking the
orientation of a clinical measurement. Photographs shown in Figures XI-6 and XI-10 are
taken from this perspective. Figure XI-11 depicts the anatomy of a human tooth and
Figure XI-12 illustrates the sections from which the dentin/composite structures were

fabricated.

Results

Absorption and refractive index spectra of the individual tissues and composites
are illustrated in Figures XI-13 and XI-14, respectively. Spectra are shown without pre-
processing. Periodic artifacts in the absorption spectra caused by multiple reflections
within the sample materials were not removed by TDS truncation due to their close
proximity to the main peak. Figure XI-15 illustrates the absorption spectra after DFF
pre-processing, which provided a significantly smoother appearance. While a feature is
visible near 73 cm™ in the absorption spectrum of the Optibond FL composite, the

authenticity of this feature is questionable due to the extremely high absorption at this
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frequency. All spectra exhibit a strongly non-linear baseline, which is thought to be the
result of scattering at each interface due to surface roughness. Aside from these
characteristics, the absorption spectra of the individual components lack significant
features, i.e. distinct absorption peaks. Slight curvature in the spectra of Estilite Sigma
Quick and Optibond FL composites (near 78.5 and 50 cm™', respectively) suggest the
presence of weak absorption features, but they are far from apparent in these data. The
downward slopes of the absorption spectra at the high frequency ends are a product of the
dynamic range of the THz-TDS and the extreme attenuation of radiation at these
frequencies.

DFF pre-processing was not applied for smoothing of the refractive index spectra
due to the variability in the useable bandwidth and extreme discontinuity at high
frequencies. Nevertheless, each material exhibits a relatively unique refractive index
spectrum within the useable bandwidth. Replicate samples were not available for the
evaluation of the utility of the refractive index for material/tissue identification, though
these results suggest the feasibility of THz-TDS for this application.

Spectra collected with composite/dentin structures are provided in Figures XI-16
through XI-19 after DFF pre-processing using the same parameters as before. Numbers
in the figure legends correspond to the numbers and sampled regions illustrated in the
photos of the composite/tissue samples. Figure XI-16 illustrates spectra collected with
the Bond Force/dentin sample with an orientation similar to Figure XI-5 where THz
pulses propagate through the sample parallel to the interface between the composite and
tissue. Figure XI-17 displays spectra collected with the Bond Force/dentin sample with
an orientation similar to Figure XI-6, where the THz pulses were transmitted through the
sample in a direction perpendicular to the composite/tissue interface, entering on the side
of the composite. Spectra illustrated in Figure XI-18 are those collected with the
Optibond FL/dentin sample at an orientation similar to Figure XI-8, where THz pulses

were transmitted through the sample at an angle parallel to the composite/tissue interface.
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Figure XI-1. Schematic of the aperture sample holder used for dental tissue analysis.
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Figure XI-2. Bond Force composite sample. The red scale at the bottom of the image is
1/64™ of one inch, or 0.397 mm.

Figure XI-3. Estilite Sigma Quick composite sample. The red scale at the bottom of the
image is 1/64"™ of one inch, or 0.397 mm.
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Figure XI-4. Optibond FL composite sample. The red scale at the bottom of the image is
1/64™ of one inch, or 0.397 mm.

Figure XI-5. Bond Force composite bonded with dentin. The pale white portion of the
sample is dentin, and the off-white portion is the composite material. The red
scale at the bottom of the image is 1/64™ of one inch, or 0.397 mm.
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Figure XI-6. Bond Force composite bonded with dentin (same as Figure XI-5), shown
from the Bond Force side of the sample. The boundary between the
composite and tissue is faint, partially indicated by the bright green line near
the top left corner of the image. The red scale at the bottom of the image is
1/64™ of one inch, or 0.397 mm.

Figure XI-7. Bond Force composite bonded with dentin (same as Figures XI-5 and XI-
6), shown from the dentin side of the sample. The boundary between the
composite and tissue is readily visible, partially indicated by the bright green
line near the top left corner of the image. The red scale at the bottom of the
image is 1/64™ of one inch, or 0.397 mm.

Figure XI-8. Optibond FL composite bonded with dentin. Dentin appears as the pale
white portion, and the composite is the off-white portion. The red scale at the
bottom of the image is 1/64™ of one inch, or 0.397 mm.
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Figure XI-9. Optibond FL composite bonded with dentin (same as Figure XI-8), viewed
from the side facing upward in Figure XI-8 (dentin). Dentin appears as the
pale white portion, and the composne is the off-white portion. The red scale
at the bottom of the image is 1/64™ of one inch, or 0.397 mm.

Figure XI-10. Optibond FL composite bonded with dentin (same as Figure XI-8), viewed
from the side facing downward in Figure XI-8 (composite). Only the
composite is visible from this perspective. The red scale at the bottom of the
image is 1/64™ of one inch, or 0.397 mm.
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Figure XI-11. Anatomy of a human tooth. Note the tubular structures in the dentin and
the variability in the orientation of these structures. Image courtesy of the
American Dental Association.
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Figure XI-13. Absorption spectra of composite materials and dentin tissue (un-bonded).
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Figure XI-14. Refractive index spectra of un-bonded dentin and adhesive samples.
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Figure XI-15. Absorption spectra of un-bonded dentin and adhesive samples after DFF
pre-processing.
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Data displayed in Figure XI-19 are those collected with the Optibond FL/dentin
sample in a configuration similar to Figure XI-10 where THz pulses travelled through the
sample at an angle perpendicular to the composite/tissue interface, incident on the
composite side of the sample.

Many of the spectra exhibit baseline shapes similar to those of the pure materials
where strong increases in attenuation are observed from the low to high frequency end of
the absorption spectra. The slope of this baseline is of greater magnitude in samples
where THz pulses are transmitted through the sample perpendicular to the
composite/tissue interface. Generally, strong spectral features are observed in the
absorption spectra collected with THz pulses travelling through the sample parallel to the
composite/tissue interface. The authenticity of these features was verified by comparison
with hundred percent lines calculated from reference spectra collected with the empty
sample holder, shown in Figure XI-20. Spectral features appearing below ~6.5 cm™ are
primarily the result of variability cause by the sample holder. Thus, this spectral range is
disregarded in the interpretation of spectra collected with the composite/tissue samples.
Absorption spectra collected with THz pulses propagating through the sample orthogonal
to the composite/dentin interface appear to exhibit increased scattering in regions where
delamination is observed in corresponding sample photographs. Refractive index spectra
of these samples are provided in Figures XI-21 through XI-24 without pre-processing.

Upon closer inspection of the Bond Force/dentin sample in Figure XI-5, one can
see delamination of the composite from the tissue near sampled regions 2, 3, and 4 (to a
lesser extent). While the absorption spectra of this sample do not appear to provide
strong evidence of this trend (the spectrum of site 3 is very similar to that of site 1), the
refractive index spectra from analysis perpendicular to the composite/tissue interface
indicate a change between the two regions. The refractive index is lower (~2.93) at site
1, while it is higher (~3.1-3.2) in sites where delamination appears. The lack of this trend

in the spectra collected with the interface parallel to incident THz radiation is attributed
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Figure XI-16. Absorption spectra collected with Bond Force/dentin structures with THz
radiation transmitted parallel to the composite/tissue interface.
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Figure XI-17. Absorption spectra collected with Bond Force/dentin structures with THz
radiation transmitted perpendicular to the composite/tissue interface.
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Figure XI-18. Absorption spectra collected with Optibond FL/dentin structures with THz
radiation transmitted parallel to the composite/tissue interface.
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Figure XI-19. Absorption spectra collected with Optibond FL/dentin structures with THz
radiation transmitted perpendicular to the composite/tissue interface.
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Figure XI-20. Hundred percent lines calculated from TDSs collected with the empty

sample holder. Note the large magnitude of spectral features near the low-
frequency end.
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Figure XI-21. Refractive index spectra of Bond Force/dentin samples where THz pulses
are transmitted through the sample parallel to the composite/tissue interface.
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Figure XI-22. Refractive index spectra of Bond Force/dentin samples where THz pulses

are transmitted through the sample perpendicular to the composite/tissue
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Figure XI-23. Refractive index spectra of Optibond FL/dentin samples where THz pulses
are transmitted through the sample parallel to the composite/tissue interface.
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Figure XI-24. Refractive index spectra of Optibond FL/dentin samples where THz pulses
are transmitted through the sample perpendicular to the composite/tissue
interface.

to a minimal number of photons traversing the interface between each material, providing
no spectral information related to the bond between the two materials.

The Optibond FL/dentin sample illustrated in Figure XI-8 appears to be free of
delamination. Refractive index spectra collected with THz pulses travelling parallel to
the interface between the two materials are quite similar with the exception of site 1, as
shown in Figure XI-23. Site 1 was analyzed in close proximity to a jagged edge toward
the end of the sample, and the sample may have shifted slightly after the sample stabilizer
was secured, causing scattering of THz radiation on the rough surface. Refractive index
spectra shown in Figure XI-24 are also very similar, except the spectrum collected in site
4. This site contains two interfaces, where one is parallel to the incident THz pulses, and
the other is orthogonal to the radiation. The cause of non-linearity of the refractive index
spectrum collected at this site is not yet known. Had the non-linearity been attributed to

interference between photons experiencing differing optical delays, the absorption
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spectrum would be expected to contain spectral features which would set it apart from the
other three sites analyzed on the sample.

The THz refractive indices of the composite/dentin structures (~3.2) are higher
than would be predicted based on the refractive indices of the individual components
(~1.8-2.1). Spectra were collected with two different sample holders using a polymer
sample to examine whether the design of the aperture had an effect on the measured
refractive index. A piece of polyoxymethylene used for polymer characterization was
analyzed in the sample holder and subsequently analyzed in the holder used for tooth
samples. Absorption spectra and refractive index spectra are provided in Figures XI-25
and XI-26, respectively. Each plot includes the standard deviation of three replicate
measurements performed with each holder removed and reinserted in the sample

compartment.
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Figure XI-25. Absorption spectra of polyoxymethylene in the standard sample holder
and tooth sample holder. The blue trace is the absorption spectrum collected
with the standard holder, and the green trace was collected with the tooth
sample holder. Dotted lines represent one standard deviation.
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Figure XI-26. Refractive index spectra of polyoxymethylene in the standard sample
holder and tooth sample holder. The blue trace is the spectrum collected with
the standard holder, and the green trace was collected with the tooth sample
holder. Dotted lines represent one standard deviation.

The tooth sample holder had a relatively insignificant impact on the measured
spectral parameters, though the variability in these measurements was higher than that of
the measurements performed with the standard holder. In the absorption spectrum, the
measured values were slightly low in the low frequency range when using the tooth
sample holder, but better agreement is seen in the high frequency end of the spectrum.
The refractive index, when measured with the tooth sample holder, is lower than that of
the standard holder, but the difference is not large enough to be the sole source of the
change observed between the composite/tissue samples and those of the individual
materials, as well as the change observed between regions exhibiting delamination and
pristine interfaces.

Variability in the measured spectral parameters was also thought to be a product

of interference between portions of the THz pulses transmitted though portions of the



398

sample with different refractive indices, or two regions having the same refractive index

and differing thicknesses. This concept is illustrated in Figures XI-27 and XI-28.
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Figure XI-27. Illustration of interference between THz radiation transmitted through two
regions of differing refractive indices and identical thicknesses.
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Figure XI-28. Illustration of interference between THz radiation transmitted through two
regions of identical refractive indices and differing thicknesses.
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This phenomenon was examined experimentally by cutting a disc of
polyoxymethylene in half and performing spectral acquisition with the normal sample
holder. Such a setup is analogous to Figure XI-27, where the polymer is material 1 is the
polymer (N; = 1.67) and material 2 is the dried purging air (N, = 1). In this
configuration, half of the THz beam travels through the polymer, and the remaining half
propagates through air. The absorption spectrum and refractive index calculated for this

sample are provided in Figures XI-29 and XI-30, respectively.
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Figure XI-29. Absorption spectra of normal polyoxymethylene sample (red) and
polyoxymethylene sample with TDS interference (blue).
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Figure XI-30. Refractive index spectra of normal polyoxymethylene sample (red) and
polyoxymethylene sample with TDS interference (blue).

The absorption and refractive index spectrum collected with interference contain
strong, periodic features. Absorption spectral peaks take on a nearly-triangular shape,
and the magnitudes of the peaks are extremely high. Variability is increased in the
refractive index spectrum, though the mean value remains unchanged. Changes in the
measured spectral parameters for each composite/dentin sample at each location reflect
differences in the sample morphology, but the source of these changes is difficult to
pinpoint without further characterization of the sample using methods which may probe

and image the interior of the samples.
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Conclusions

Spectral parameters were measured for several common dental composite
materials and dentin. No distinct reproducible spectral features were observed in the
spectra from any of the samples. Analysis of composite/tissue structures revealed the
utility of the THz-TDS method for investigation of delamination of composite materials
from dental tissue. Absorption spectra of the samples appeared to show slightly
increased scattering in regions where delamination occurred when THz pulses were
transmitted through the sample at a right angle to the composite/dentin interface. For
these same spectra, the refractive index appeared to provide a reliable indicator for
separation of the materials, as the refractive index increased in regions where
delamination was observed. The cause of this change is not yet understood, and further
studies are warranted.

Suggested studies include imaging analyses for investigation of the interior of the
sample/composite interfaces using either X-ray or THz-TDS images. The shape and
angle of the interior features of these samples as well as the extent of delamination
between the two materials can have a significant impact on the measured spectral
parameters. Spectral features could then be correlated to the whole structure of the
sample, rather than relying on visual analysis of exposed surfaces. Polished samples are
expected to provide improved throughput of THz radiation, aiding interpretation of
spectral data. Preparation of thicker composite materials would also allow evaluation of

the authenticity of the weak absorption features observed with these samples.
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