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Abstract

The primary research objective of this project was to enable and apply a novel three-dimensional,
quantitative imaging technique for species and temperature in high-pressure reacting flows. We
proposed to achieve this objective via two advancements in laser diagnostics. First, we focused on
expanding state-of-the-art laser absorption spectroscopy (LAS) methods in spatial resolution
capability by utilizing high-speed infrared cameras to image flow fields backlit with tunable infrared
laser radiation. The laser absorption imaging (LAI) technique provides for spectrally, spatially, and
temporally rich datasets that can be reconstructed using tomographic methods. Second, we exploit
the vibrational band and cluster narrowing effects of line mixing at high gas densities to extend laser
absorption spectroscopy to pressures up to 100 atm for multiple combustion species. In this project,
we work on both methods in parallel and aim to combine the novel imaging and high-density
spectroscopic strategy for simultaneous measurements of both flame structure and quantitative
thermochemistry (temperature, species concentrations) at extreme conditions, providing unique
capability that does not exist with established diagnostic methods. In total, this project resulted in 10
peer-reviewed journal articles that reflect a progressive increase in dimensionality of the LAI
method, integrated advances in data science and image processing, and spectroscopic studies at high
pressures and temperatures. This report highlights the technical work primarily from the final year of
the YIP award (other works were highlighted in prior progress reports). We built on the prior years to
make progress on the two research fronts (laser absorption imaging and high-pressure spectroscopy)
as will be described in this report.

1. 3D Laser Absorption Imaging with Deep Learning
1.1. Introduction

Laser absorption tomography (LAT) enables quantitative, spatially-resolved temperature and species
measurements in reacting flows via the inversion of spectrally-resolved, line-of-sight integrated
data [1]. Unfortunately, in non-axisymmetric, three-dimensional flow-fields, the inversion problem is
typically ill-posed [2] due to practical limitations in optical access that yield sparse view
angles [3, 4]. Solution methods for these ill-posed parameter estimation problems can be assisted by
incorporating prior information about the flows [5] to facilitate reconstruction, either explicitly via
linear regularization [6, 7, 8, 9, 10, 11] or Bayesian inference [12, 13, 14], or implicitly by assuming
a simplified form of the parameter distribution to reduce the degrees-of-freedom in the
problem [15, 16, 17]. As considerable physical information is typically known a priori about a
reacting flow field of interest, it is desirable to integrate this information in the solution method to
improve efficiency and accuracy.

In recent years, deep neural network (DNN) models have emerged as an alternative approach
to the inversion problem, as they are efficient in capturing complex non-linear relationships, such as
between species thermochemical properties and their associated spectra. A distinction in this approach
is that priors are effectively introduced via the neural network training process which reflects a forward
model of the projection measurement, introducing input-output pairs to train an implicit functional
relationship [18, 19]. DNNs have been applied in both emission spectroscopy [20, 21, 22, 23] and laser
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absorption tomography to predict species fields in dynamic flows using multiple beam configurations
with varying view angles [24, 25, 26]. Previous learning-based absorption tomography studies have
employed relatively simple stable distributions (e.g. Gaussian) in training data to represent absorption
fields [24, 26, 25, 27]. However, such generic field distributions are inadequate representations of
many reacting flow-field parameters such as intermediate species or gas temperature. These parameters
require commensurate training fields that reflect the physics involved.

In this study, we integrate a mid-fidelity reacting fluid dynamic simulation into the forward
model to capture end-to-end physics and generate projected absorption fields to train a deep neural
network a priori, independent of flow-field measurements; allowing for incorporation of
thermochemistry and transport properties that govern temperature and species distributions. We then
apply this neural network to invert multi-angle 2D laser absorption images of a 3D reacting flow
(doublet laminar flame) to quantitatively measure temperature and species fields. We first describe
the deep learning method as coupled to the unique volumetric laser absorption imaging (LAI) optical
setup. We then detail the training process and evaluate predictive capability through numerical
simulation and experiment. Reconstructed or predicted fields of CO mole fraction and temperature
are compared between the deep learning method and linear tomography with various numbers of
projection angles in terms of accuracy, artifacts, and computational efficiency.

1.2. Methods
1.2.1. Volumetric laser absorption imaging

Here, we employ laser absorption imaging (LAI), a diagnostic method that produces spatio-temporally
rich absorption datasets by capturing flows backlit by tunable laser radiation [28, 29] with a high-
speed camera (Telops FAST-M3K), as shown in Fig. 30. Volumetric LAI involves the collection of 2D
images at multiple angles, readily yielding thousands of unique lines of sight [30] that help constrain
the 3D reconstruction of flow-field parameters with steep spatial gradients, as in the reaction zone of
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Figure 1 — Left: Optical arrangement and transmission images at varying rotation angles of Bunsen-style
flames. Right: Flow chart of plane-by-plane processing, including incident (/,) and transmitted (I;) pixel
intensity, spectral absorbance, Voigt fits, projected absorbance areas A ;j, and resulting sinograms of A ,;
for every angle.
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small-diameter (<1 cm) flames.

In this configuration, we target carbon monoxide mole fraction and temperature with a
distributed feedback (DFB) quantum cascade laser (QCL) near 4.85 um that is spectrally scanned
across the P(0,20) and P(1,14) rovibrational transitions in the fundamental band of CO in the
mid-wave infrared [31]. The beam is horizontally expanded with a cylindrical lens and re-collimated
with a concave mirror, then pitched through the flow-field comprising two Bunsen-style flames, each
with flame brushes approximately 3 mm in diameter. The beam is spectrally isolated with a bandpass
filter (4860 = 96 nm), and a plano-convex lens focuses the expanded beam onto the detector array of
the camera. The camera detector subwindow of size 128%x24 captures the beam with a frame rate of
40 kHz and integration time of 5 us. The QCL is injection-current tuned with a 400 Hz sawtooth
waveform, resulting in 100 points per scan for subsequent spectral fitting, shown in the center of
Fig. 30. The dual flame assembly is mounted on a rotational and vertical translation stage to capture
multiple projection angles and heights for the tomography. 2D A; ; images were collected at up to
11 different projection angles, yielding an aggregate of up to 50,688 unique lines of sight capturing
the scene with a pixel resolution of approximately 70 um, evaluated by imaging a wire mesh backlit
with laser radiation [29]. Mass flow controllers (MKS MFC GES50A) supply reactants with overall
flow rates of 128 sccm C,Hy, 79 scem N, and 101 sccm O,, resulting in a fuel/oxidizer equivalence
ratio of ¢ = 3.80 = 0.07. After the tubing is split to the two burners, one flow is measured with a
rotameter to ensure equal flow through each burner. The exit velocity of each flow is 0.41 m/s and
the jet exits of the stainless steel burners are 1.6 mm in diameter, providing a laminar jet Reynolds
number of ~44.

For each projection angle measurement, incident (/) and transmitted (/;) intensity data is
collected and averaged over 1 s (400 scans), an interval over which the flames are assumed steady.
For a non-uniform gas medium, the Beer-Lambert law integrated over wavenumber v [cm™!]—or the
projected absorbance area Aj o [cm~!']—can be expressed for each line-of-sight with pathlength
L [cm] and related to thermodynamic gas properties in Eq. 1 [32],

Aj,pmjzfa(v)dv:/—ln(l—(’)) dv:/ Kjdl:/ PS;(T) Xbsdl (1)
v 0 0

—00 —00

where a(v) is spectral absorbance and the thermochemical properties of interest are embedded in
the spatially-resolved absorption coefficient K; [cm~2]. Total pressure P [atm] is assumed 1 atm,
S;(T) [cm™2/atm] is the linestrength of transition j at temperature T [K], and X,ps is the mole fraction.
Each horizontal row of pixels can be treated independently for tomographic reconstruction, and the
data are spectrally-fitted for every pixel at every angle, producing plane-by-plane sinograms of A ;
for each transition j, as shown in the right of Fig. 30. These experimentally measured sinograms can
then be used to reconstruct 2D fields of K; and/or temperature and mole fraction, as discussed in the
next section.

1.2.2. Tomographic inversion

We employ two approaches to the reconstruction process of LAI data, as depicted in Fig. 2. First,
we apply Tikhonov-regularized linear tomography, which uses an analytical prior (smoothness) to
assist the reconstruction of absorption coefficient (K ;) fields, from which we extract temperature and
mole fraction via two-line thermometry [32]. We subsequently evaluate a novel physics-trained deep
learning-assisted tomography method, which uses reacting flow simulations as training-based priors
to assist in the prediction of temperature and mole fraction fields directly. While linear tomography
is a more established laser absorption technique for spatially resolved measurements in non-uniform
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Figure 2 — Flowchart for deep learning (DL) and linear tomography (LT) approaches.

reacting flows [1], the deep learning approach (and associated training process) is hypothesized to
enable convenient integration of prior knowledge related to combustion physics, the experimental
setup, and spectroscopic properties, which are captured in the forward projection process. We detail
both approaches in this section, with specific application to the volumetric LAI setup described in
Fig 30.

As a basis for reference, the forward projection process is modeled as a linear parallel-beam
tomography problem and the flow field is discretized into a 100 x 100 rectangular grid probed by 128
parallel lines of sight from N projection angles (nominally N = 6). Writing Eq. 1 for all N x 128 lines
of sight yields a system of linear equations:

AK; = A proj 2

where Ajproj and K;j represent the projection sinogram and 2D field of the absorption coeflicients,
respectively, both in vector form. A is the projection matrix, where A;; represents the absorption
length for the ith beam passing through the jth pixel. Due to limited-angle measurements, matrix A is
rank-deficient (and ill-posed), which is addressed here with Tikhonov regularization [5]. This linear
tomography approach is well-established [6, 7, 8, 10, 11], and was previously used to perform initial
volumetric laser absorption imaging [9].

In the learning-based approach, a deep neural network performs the inversion by predicting
2D temperature and species fields from the projected absorption measurements provided as inputs. In
this work, we train the neural network by modeling the physics associated with the forward process
to create an implicit function between input and output pairs. The forward model includes reacting
fluid dynamics simulations (detailed in Section 1.2.3.) to generate temperature and concentration field
data, shown in the top of Fig. 3. Spectral simulations using line-by-line parameters from the HITEMP
database [33] are performed in each grid cell to simulate K fields, after which a forward projection
using a Radon transform is applied to calculate path-integrated line-of-sight projections A; ;. that
reflect the VLAI setup depicted as sinograms in the top right of Fig. 3. The physics-governed data are
used as a labeled dataset to train the neural network.

The neural network architecture is adapted from an implementation previously demonstrated
to efficiently reconstruct species distributions directly from limited-angle spectroscopy data [26].
The number of convolutional layers and filter sizes are determined following this work, based on the
convergence and the prediction accuracy of the test data set. The network comprises two convolutional
layers, two pooling layers and one fully connected layer. As illustrated in the bottom of Fig. 3, the
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Figure 3 — Convolutional neural network architecture for temperature and mole fraction field predictions
provided six different angles of projection data.

input to the neural network comprises 2 sinograms (N X 128), one from each CO spectral transition.
The first convolutional layer C1 convolves 8 filters of 3 x 3 with stride 1 followed by a rectifier
nonlinearity, a batch normalization layer BN1, and a max pooling layer with filters of 2 X 2. The
second convolutional layer C2 similarly convolves 14 filters of 2 X 2 with stride 1 followed by a rectifier
nonlinearity, a batch normalization layer BN2, and a max pooling layer with filters of 2 X 2. After a
flatten layer and a fully connected layer FC, an output vector of size 20000 X 1 is obtained, which can
easily be reshaped as two 100 x 100 2D profiles of temperature and CO mole fraction, respectively.
The loss function minimized during training was a simple mean squared loss between the network
output and target normalized temperature and CO mole fraction values. The RMSprop algorithm is
used with minibatches of size 16, learning rate 0.001, momentum 0.0, and decay 0.9. The network
was trained for 100 epochs (typically 20-30 mins) on the Tensorflow deep learning framework using
an 8 GB NVIDIA RTX 2080 graphics card. After the training process finishes, an effective inversion
operator with implicit physical priors on combustion thermochemistry, transport, and flame symmetry
is learned, and can be applied to new path-integrated measurements to reconstruct the temperature
and concentration fields. This effectively bypasses the inversion of A; 0 to K; obtained through
linear tomography [9], as well as two-line thermometry [32], and directly results in thermochemical
profiles of the flow-field. Although DNN requires a 20-30 min training process as mentioned, once
the networks are established the subsequent reconstructions are computationally efficient. When
implemented on an Intel(R) Core(TM) i17-9700K 3.60 GHz CPU, DNN completed reconstructions of
all pixel rows in ~1 s while linear tomography took ~30 s, largely due to the nonlinear operations
required for two-line thermometry.

1.2.3. Neural network training

To provide a priori information for the DNN based on combustion physics, thermochemical fields
are generated using NIST’s Fire Dynamics Simulator (FDS), a large-eddy simulation (LES) code for
thermally-driven, low-speed reacting flows [34]. The training dataset comprises 14,700 2D flow-field
cross-sections of temperature and CO mole fraction, generated from 139 time-averaged (~1 s) LES
predictions of a partially-premixed Bunsen-style flame in an axisymmetric 2D domain, as shown in
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distribution of simulated thermochemical state space.

the top of Fig. 3. To obtain top-down cross sections from the axisymmetric flowfields, the 2D results
are azimuthally projected to generate 3D flow-fields representative of the doublet flame experimental
geometry, as shown in Fig. 4(a). In these simulations, the input parameters of fuel/oxidizer ratio,
reactant gas temperature and flow rate, burner geometry, ambient oxygen concentration, and co-
flow rate are systematically varied so as to produce a wide range of possible thermochemical fields,
shown in Fig. 4(c). For data encompassing flame interactions, the training set is supplemented
by a smaller number of 2D flow-field cross-sections (2,040) from 51 simulations of two partially-
premixed Bunsen-style flames in a 3D domain. The inclusion of 3D doublet simulations was shown
to improve reconstructions at higher planes where there is greater interaction between the two flames.
A simplified diffusion-limited two-step combustion model is employed in the simulations, wherein all
fuel is converted to CO prior to final oxidation to CO,. For each of the 2D simulations, the domain
comprises a 30x100 Cartesian mesh corresponding to 15 mm X 50 mm and encompassing burner
diameters of 5.0-7.5 mm, while the domain for each of the 3D simulations comprises a 50x50x40
mesh corresponding to 40 mm X 40 mm X 32 mm and encompassing burner diameters of 8§ mm
each. These dimensions are larger than the corresponding experiments and were chosen to reduce
computational effort in generating multiple distinct flowfields. The time-steps of the simulations were
automatically varied to satisfy the Courant-Friedrichs-Lewy condition [34] (CFL < 1). To avoid
over-constraining flowfield priors and account for real parameter distributions that differ from the
mid-fidelity LES model, we supplement the training dataset with mixed temperature and mole fraction
distributions randomly selected from the results. This step is intended to build flexibility into the
neural network (reduce stiffness) while learning the implicit functional relationship of temperature
and species with absorbance fields. By mixing temperature and mole fraction distributions, prediction
accuracy on a test set of 1000 samples (not included in the training set) is improved by a factor of 2
as measured by mean percentage error across all samples. Additionally, the two flames are allowed to
be distinct to account for any potential differences in the flow rates encountered in the measurements.
A representative 2D histogram of the thermochemical state-space captured in the training dataset is
shown in Fig. 4(d).

Despite the numerical simplifications and adjustments, the mid-fidelity model provides key
physical information that helps guide (via training) flow-field parameter solutions to the ill-posed
inversion problem. First, the training data reflects a physical range of temperatures and mole fraction
values governed by thermochemistry—e.g., the temperature range is bound by the mixture’s adiabatic
flame temperature, and CO mole fraction is limited by the amount of carbon in the reactant inlet
stream. Second, the training data provide a general correlation among temperature and mole fraction;
although the distribution of thermochemical states shown in Fig. 4 has significant spread (which is
somewhat deliberate), field solutions in which temperature is high and CO mole fraction is low (and
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vice versa) are improbable, thereby further informing more likely solutions. Lastly, the mid-fidelity
model provides a relative spatial distribution of mole fraction and temperature by creating distinct
regions of temperature increase associated with the oxidation of the fuel to CO, the oxidation of the CO
to CO,, and diffusive mixing with ambient temperature air. The flame geometry, including convoluted
circular ring-like distributions of the mean CO and temperature properties, is also captured. The
training process enables the neural network to recognize these physical features.

1.3. Results

In this section, we evaluate reconstructions produced by the deep learning approach in comparison
to those calculated using linear tomography with respect to three key metrics: (1) overall flow-field
parameter reconstruction accuracy given sparse view angles, (2) artifact reduction and sharp gradient
resolution, and (3) geometric and thermochemical similarity to physical flames. These quantitative
evaluations are performed via both simulated and experimental LAI-obtained non-axisymmetric flow
fields using varying numbers of projection angles.

1.3.1. Reconstruction accuracy

To assess and compare the reconstruction accuracy of the inversion methods, both approaches (deep
learning and 2D linear tomography) were applied to reconstruct “known” CO and temperature
fields—independent of the training dataset—representative of measured flames. These known
thermochemical fields were produced by first applying a Tikhonov-regularized Abel inversion [6] to
projection measurements of isolated single flames assuming steady, axially-symmetric conditions, as
demonstrated in prior work on LAl-obtained projection data [28]. Different pairs of these reference
profiles of varying intensity were then combined to represent a non-axisymmetric doublet flame
configuration, and serve as “ground truth” for the simulation study. These reference profiles were
compared with reconstructions produced by both 2D linear tomography and the deep neural network.
A mean percentage error within the domain of interest was used as a comparative metric, and
representative results alongside simulated “ground truth” fields are shown in Fig. 5. As is typically

Ground Truth LT: 11 angles LT: 6 angles LT: 3 angles DL: 6 angles DL: 3 angles

CO Mole Fraction

Temperature [K]

Figure 5 — Comparison of linear tomography (LT) and deep learning (DL) reconstruction methods for mole
fractions (top) and temperatures (bottom) with representative case.

observed in ill-posed inversion problems [5], utilizing a greater number of projection angles was
shown to increase the overall accuracy of the reconstructed fields. For example, in the CO mole
fraction fields shown in Fig. 5, the mean percentage error reduced from 5.4% to 2.7% when using six
instead of three angles in the linear tomography reconstruction; the corresponding error reduction for
the neural network reconstruction was from 1.4% to 1.1%. For the corresponding temperature fields,
the increased number of angles reduced the error from 5.8% to 4.9% using linear tomography; this
error reduction using the neural network reconstruction was from 1.6% to 0.7%. Notably, even when
trained with only three projection angles, the neural network was able to predict the high spatial
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gradients in the flow-field with greater accuracy than 2D linear tomographic methods using 11
angles, significantly reducing the required number of projections for a reconstruction. For a given
number of projection angles, the deep learning approach, on average, reduces mean percentage errors
relative to linear tomography by a factor of at least three.
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Figure 6 — Reconstruction accuracy of testing cases in mole fraction (left) and temperature (right) as a function
of the L, distance to their nearest training case.

To further evaluate the interpolation and extrapolation capability of the trained DNN, additional
LES simulations inside (500 cases) and outside (500 cases) the envelope of LES input parameter spaces
are used as testing cases. These parameter spaces include ranges of mixture ratio, inlet temperature,
burner inlet velocity, burner diameter, co-flow velocity, ambient oxygen concentration, and fuel type
(ethane or ethylene). The reconstruction accuracy of the testing cases in temperature and mole fraction
is evaluated as a function of their distance to the nearest training sinogram as shown in Fig. 6. The
distance is quantified by the L, distance between the sinogram of the testing case and its nearest
training sample:
Dsinogram = ||Apr0j,testing - Aproj,training||2 (3)

Within training parameter space, most testing cases are found to remain high reconstruction accuracy
(ex < 2%, er < 5%) even when they are different from the training cases (large Dginogram), indicating
good interpolation capability of the DNN. However, for cases outside training parameter space, the
prediction errors are usually 3 times higher than cases within training parameter space. Additionally,
the DNN predictions are less stable with out-of-sample inputs, with prediction errors increasing with
distance to the training set. Such limitations on the extrapolative capability must be considered when
developing and applying comprehensive physics-trained DNNs to measurements of experimental
reacting flows.

With the deep learning approach validated via simulation, the neural network inversion was
applied to experimental LAI-obtained projection measurements of various flame doublets such as
those shown in the left of Fig. 30. Reconstructed 2D fields of temperature and mole fraction are shown
in the left of Fig. 7 for both the 2D linear tomographic and deep learning-based inversion methods.
Since a “ground truth” for the thermochemical fields determined from experimental measurements of
the non-axisymmetric flowfield is unknown, the quality of the reconstructions was evaluated by re-
projecting the predicted temperature and CO fields using the forward model described in Section 1.2.2.
and comparing the result with the measured projected absorption areas, as shown in the right of Fig. 7.
An aggregate root mean square error (RSME) was used as a comparative metric, calculated as the
square root of the averaged squared differences between the re-projected absorbance image and the
corresponding measurement image all over pixels. Despite the lack of an analytical relation, the re-
projected absorbance fields using the deep learning method were shown to have comparable RSME,
within 10%, to linear tomography results (which are analytically constrained) using experimental
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VLAI data from the same number of projection angles, demonstrating the neural network’s ability to
well-capture the non-linear relationships associated with the end-to-end physics of the experiment.

LT: 6 Proj. LT: 3 Proj. DL: 6 Proj. DL: 3 Proj. A,-,pmj [em™]

Measurement
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Temperature [K]

300 0

Figure 7 — Left: Two-dimensional tomographic reconstructions of CO mole fraction (top) and temperature
(bottom) generated from linear tomography and deep learning methods; Right: Reprojection of reconstructed
fields at an angle of 120°.

1.3.2. Blurring and artifact reduction

In linear tomographic reconstruction, the ill-posed nature of the inversion problem in conjunction
with the smoothness constraint imposed by Tikohonov regularization will often result in blurring of
reconstructed flow-field parameters as well as the presence of polygonal petal-like artifacts associated
with the limited view angles [5]. These phenomena are seen in both the simulation results shown in
Fig. 5 and the experimental results shown in Fig. 7 produced by linear tomography. Specifically, at 3
view angles, the peak values in the species field distributions are approximately 50% lower than the
11-angle LT solution, while the minimum values associated with the core of the flow are higher by
approximately 30%. This reflects an apparent blurring and lower spatial resolution, and has the effect
of increasing the size of the reconstructed flame brush—in Fig. 5, using three instead of six angles
increases the flame brush width (here marked by 1% CO concentration) from 1.6 mm to 2.0 mm
when using linear tomography, while this increase is imperceptible in the reconstructions produced
by the neural network. Further, it can be noted that the polygonal petals of the field distributions
for linear tomography are an apparent function of the number of view angles, where the number of
polygonal corners or petals in circular or ring-like distributions equate to twice the number of view
angles. Additionally, we note that in reconstructed regions in which the absorption coeflicients K
of both spectral transitions approach zero, the temperature sensitivity of the spectral transition pair
can generate physically improbable temperature and mole fraction values via two-line thermometry
(using the LT method) if the signal-to-noise ratio (SNR) in the projected absorbance area A; ,o; data
is below ~ 5. By contrast, since the neural network need not satisfy Eq. 2 explicitly as is the case
with linear tomography; this method mitigates artifacts in the periphery of the flames (which would
not have shown up in the training data), reduces artificial polygonal bias in the reconstructed field, and
ultimately yields sharper features in the regions of higher intensity, as seen in the left of Fig. 7.

Additionally, due to physical features and trends associated with the neural network training
data, it is feasible to predict a larger domain of the species and temperature fields. Notably, the domain
representing final oxidation of CO to CO, and diffusion into the ambient is difficult to resolve with
linear tomography due to lower absorbance caused by both lower CO and declining temperature in
the regions where ambient oxidizing air is entrained into the flow. Thus, in Figs. 5 and 7, neither
the temperature nor the mole fraction are resolved in regions with very low values of absorption
coeflicient (Kp(j,14) < 0.0005) for the 2D linear tomography reconstructions, and so these regions are
not plotted for clarity (due to extensive non-physical results and artifacts). With six projection angles,
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this limits the resolved peripheries of the flames to 7 /D = 0.94 from the flame centers (D = 1.6 mm),
where the temperature is 2400 K. By contrast, the physics-trained neural network was able to predict
thermochemical profiles beyond the domain constrained by the analytical solutions, as the method
bypasses two-line thermometry of the K fields. Assuming a temperature cutoff of 850 K (the lowest
temperature predicted in the flame cores by the deep learning method), this extends the resolved
regions to /D =~ 1.25 from the flame centers, representing a domain expansion of 33% compared to
LT.

LT: 6 Projections LT: 3 Projections DL: 6 Projections DL: 3 Projections

CO Mole Fraction
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650
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Figure 8 — Three-dimensional tomographic reconstructions of CO mole fraction (top) and temperature (bottom)
generated from linear tomography and deep learning methods

These 2D fields corresponding to different rows of pixels are assembled into 3D images of mole
fraction and temperature for the C,H, flames, shown in Fig. 8 for both the 2D linear tomographic and
deep learning-based inversion methods. Both linear tomography and the neural network results show
that the cooler cores narrow as flame height increases and more of the unburned fuel is oxidized in
the reaction layers of the flames, which is consistent with the general evolution of partially-premixed
Bunsen-style flames [35]. Higher spatial gradients are resolved within the flames when using the
deep learning-based method, revealing the flame cores of the flows containing lower temperatures
and concentrations of CO, and sharper rings with higher temperatures and concentrations of CO. For
example, when using six projection angles, the lowest temperature resolved by linear tomography
in the core of the flames at the lowest measured flame height is 1500 K, while the neural network
reconstruction produced 850 K. The corresponding CO mole fraction values were 0.034 for linear
tomography and 0.012 for the deep learning-based method. This is most evident in the lower planes of
the flames, where CO concentration and temperature are both lower, providing for weaker absorption
and higher susceptibility to measurement noise.

1.3.3. Thermo-physical state space

In this subsection, we discuss the thermo-physical state space associated with the tomography
results, including the range and correlations associated with species and temperature fields that relate
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to thermochemistry and transport, as well as geometric features of the flame configuration. Flames
possess steep spatial gradients associated with balancing diffusive heat and mass transfer, and
intermediate species like CO usually exist in a very thin reaction zone (<1 mm) within a
corresponding large temperature rise (>2000 K) during oxidation from reactants to products [35].
Correlations of temperature and concentration are often used to quantify overall flame
thermochemistry and evolution [36], and blurring associated with limited angle tomography can bias
these correlations by muting the steep gradients in flow-field parameter distributions in the
reconstruction. Thus, the ability to quantitatively assess the combustion physics in these flames is
directly coupled to the inversion method’s ability to resolve sharp features in the flow-field
parameters. Additionally, the Bunsen-style flames possess inherent symmetries associated with
coupled mass, momentum, and heat transport phenomena. Except for planes with significant
interactions between the two flames, the temperature and mole fraction distributions are expected to
be approximately axially symmetric in each flame; that the distributions are not preferentially
grouped on one side of the flame or the other. In reconstructions using linear tomography, however,
such as in Figs. 5 and 7, axial asymmetries are present and worse when employing fewer projection
angles, manifesting as the petal-like artifacts and azimuthal variation discussed in Section 3.2.

To quantitatively assess the individual flame symmetry, a Tikhonov-regularized Abel
inversion [28] was applied to a projection measurement of an isolated single flame to reconstruct the
radial temperature and mole fraction profiles assuming steady, axisymmetric conditions. It should be
noted that this reference comparison is only valid at low flame heights, where the two flames
minimally interacted. The left of Fig. 9 compares averaged 1D radial profiles of temperature and CO
mole fraction for flames in the flow, obtained from both linear tomography and deep learning with
respect to the reference Abel-inverted profiles. These profiles were generated by averaging different

3500 Abel inversion 0.20 Abel inversion 0.15 \LDL: 6 angles
_ lliLt LT: 3 angles c e LT: 3 angles LT: 6 angles & Likely
X 30001 —-—-—-LT:6angles 2 ———-LT: 6 angles \ , o
o DL: 3 angles 8 0.15 DL: 3 angles 0.10 |
= 2500 DL: 6 angles IC
o o
& 5 0.10
o 2000 =
E o 0.05
— 1500 O 0.05
1000 4
0.00 0.00 -
1 0 1 -1 0 1 1000 2000 3000

Distance from flame center, r [mm] TIK]

Figure 9 — Left: One-dimensional reconstructions of temperature and CO mole fraction from linear tomography
and deep learning; Right: Thermochemical state-spaces of the deep-learning-based and linear tomography
solutions alongside training data. Training samples with closest sinograms shown in green.

1D profiles marked by the white dashed lines in Fig. 7, and the error bars in Fig. 9 quantify the
absolute deviations from this average in the azimuthal coordinate. When using three view angles, the
mean deviations in temperature and mole fraction produced by linear tomography are 6% and 17%,
respectively, while the corresponding deviations produced by the neural network are 2% and 4%,
demonstrating that reconstructions performed with the neural network better capture the axial
symmetry of the flames. With linear tomography, reducing the number of projection angles from six
to three causes large absolute errors in temperature and mole fraction compared to the reference Abel
results, while the deep learning approach was found to be less sensitive to the number of projections
used. Even with only three projection angles, the neural network predicts temperature and CO
profiles closer to the reference Abel profiles than linear tomography with six angles, thereby
effectively reducing the required number of unique projections for a parameter field reconstruction.

11
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Notably, peak mole fractions are reduced more significantly than peak temperatures (—50% vs.
—16% when using three projection angles, respectively) in the linear tomography reconstructions,
which has the effect of producing physically improbable temperature and mole fraction flow-fields
for the flames.

An analysis of the thermochemical state-space representation of the linear tomography and
deep learning results is conducted by examining correlations between CO and temperature based on
six projection angles, as shown in the right of Fig. 9. Scatter data from all measurement planes using
both methods are plotted alongside the training data, and the training case with closest sinogram to the
measurements is highlighted (green). Notably, linear tomography is found to produce many solutions
that are likely non-physical—the thermochemical state space produced by linear tomography contains
points with temperatures greater than 2000 K and CO mole fractions lower than 0.05, which are unlikely
to simultaneously occur in physical flames in the captured domain. Conversely, the thermochemical
state-spaces of the reconstructions predicted by the deep learning-based method largely stay within
the reacting CFD-generated state space; however, the neural network predictions do not strictly follow
the most probable regions of the 2D histogram produced by the CFD or their nearest samples in the
training set. Notably, the temperature / CO state-spaces of the deep learning-predicted reconstructions
are generally consistent with those measured in analogous laboratory flames by coherent anti-Stokes
Raman spectroscopy and two-photon laser induced fluorescence [37], though peak CO concentrations
are much higher in the present study (~12% vs. ~5%) due to the fuel-rich mixtures used. Given
the sparse number of view angles, these results highlight the ability of the neural network to assist in
capturing complex relationships associated with combustion physics when trained with mid-fidelity
reacting CFD simulations. Moreover, these simulations do not appear to overly bias the DNN results
given that even the closest simulation cases do not match the resulting predictions, suggesting that
the variation in the training data provides for flexibility in the implicit functional relationships of the
network.

1.4. Conclusions

A deep neural network trained with mid-fidelity reacting flow simulations and a forward absorbance
model was applied to enhance the measurements of CO and temperature fields in steady flames
using a relatively limited number of viewing angles. Notably, the DNN training was performed a
priori—without inclusion of measurement results—while effectively introducing end-to-end physical
priors that inform the implicit functional relationships. When paired with the spatially-rich projection
data provided by the volumetric laser absorption imaging optical configuration, the neural network
helps resolve steep thermochemical gradients associated with the intermediate CO in the thin reaction
zones (<1 mm) of small diameter flames. Resulting 3D images of thermochemical structure suggest
that this physics-trained neural network inversion has potential to more accurately predict complex
temperature and concentration fields of intermediate species in flames with less blurring and artifacts
than linear tomographic methods, while concurrently reducing the required number of projections
and computational load. The use of a deep learning-based approach and associated reduction in
optical hardware requirements expands the possible future developments of the LAI method; 3D
flame measurements presented here represent 1-s averaged data from steady flames—to expand the
3D tomographic LAI method to time-resolved capability, as has been demonstrated previously in
two dimensions [30], multiple projection angles must be imaged simultaneously. The use of deep
learning assistance may reduce the number of high-speed IR cameras required and increases the
practicality of utilizing time-resolved 3D tomographic LAI for investigations of unsteady, convoluted
flame structures.

12
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2. Methane Line Mixing Model
2.1. Introduction

Methane (CH,) is an important molecule in biology, planetary astronomy, climatology, agriculture,
and combustion chemistry. As a principal fuel component of natural gas, intermediate in the oxidation
of larger hydrocarbons, and—increasingly—a promising future rocket fuel [38, 39], CH4 plays a key
role in energy conversion systems globally, and high-temperature spectroscopy of CHy is particularly
relevant to combustion research [40]. Additionally, temperature-dependent spectroscopy of CHy is
relevant for both remote and in-situ sensing of terrestrial [41, 42, 43], extraterrestrial [44, 45], and
extrasolar [46, 47] planetary atmospheres. CH, is one of the most substantial contributors to Earth’s
greenhouse effect, after CO, and H,O [48], and its accurate detection and spectroscopic modeling is
key to understanding its environmental impact on Earth [49]. This work documents an experimental
investigation of 2cH, spectra from 3.14 um to 3.28 um at elevated pressures relevant to energy
conversion systems over a wide range of elevated temperatures (up to 1600 K), with the goal of
developing a predictive model of the target spectral domain that accurately captures the pressure- and
temperature-dependence of collisional line mixing effects.

Several researchers have utilized absorption by methane for quantitative in-situ measurement
of species concentration and/or temperature at elevated temperatures [50, 51, 52, 53, 40, 54, 55, 56, 24,
57]. Many of these studies [53, 40, 54, 55, 56] employ empirical peak-to-valley absorption methods
or cross-section correlations for quantitative interpretation of specific wavelengths, an approach that
avoids the complexity of the underlying line-by-line spectroscopy of CH, but lacks in scalability over
varying thermodynamic conditions or bath gases. Line-by-line modeling offers greater utility, but the
spectroscopic complexities must be addressed.

Though the simplest stable hydrocarbon, CH, poses numerous spectroscopic modeling
challenges, particularly at elevated temperatures and pressures. The tetrahedral molecule exhibits a
complicated series of interacting vibrational states (polyads) as a consequence of the approximately
similar energies of two fundamental bands and two overtone bands (v; = v3 = 2v, ~ 2v4) [58]. As a
result, the spectra of a given polyad of CH, often comprise overlapping fundamental bands, hot
bands, overtone bands, and combination bands, complicating measurements of spectroscopic
parameters such as linestrength, collisional broadening and shift coefficients due to local spectral
blending. Moreover, the abundance of spectral transitions in these bands poses computational
challenges for comprehensive and accurate predictive modeling of CH, spectra at elevated
temperatures; only recently has a high-temperature line list for CH, that balances both accuracy and
computational efficiency been compiled and made available via HITEMP [59]. Notably, however,
even with a comprehensive line list significant disagreement in spectral absorbance, relative to that
predicted by conventional lineshape summation of individual transitions, can be observed for
measured CH, spectra at moderately elevated gas densities. This is largely attributed to line mixing,
a band or manifold narrowing effect in spectrally dense regions that occurs at high gas densities
resulting from collision-induced changes in the populations of energy states [60]. We focus this
experimental study on the characterization of line mixing behavior from 300-1600 K in the R-branch
of the v3 band of CH, over a wide range of pressures and gas densities with the simple goal of
developing an accurate empirical model.

Line-mixing in the v3 band of CH, at temperatures at or below 300 K at a variety of pressures
has been investigated previously [61, 62, 63, 64, 65, 66, 67, 68, 69, 70, 71, 72, 73, 74, 75, 76],
owing to its relevance in sensing of the atmospheres of Earth [70], the Jovian planets [71], and
Titan, a natural satellite of Saturn. Line mixing is notably pronounced in the Q branch, as well
as in the higher rotational energy manifolds (J-manifolds) of the P and R branches due to the
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multiplicity of ro-vibrational transitions in close proximity. Various line mixing models have been
developed and employed to describe CH, spectra for ranges of temperatures and pressures relevant
to in-situ and remote atmospheric sensing. First-order line mixing models based on the perturbative
treatment proposed by Rosenkranz [77] have been shown to adequately characterize line mixing
at low pressures [78, 61, 62, 63, 66, 67, 69, 73, 74, 75, 76]. At higher pressures, energy-gap
scaling models which correlate the population transfer rates that comprise the relaxation matrix
have been used [64, 65, 66, 68, 69, 70, 71]. Though successfully implemented for some linear
molecules [79, 80, 81], energy-gap laws [82, 83] have been found less appropriate for modeling
non-linear molecules such as CH, at low to moderate densities [64].

To the authors’ knowledge, the temperature dependence of line mixing effects on CHy v3
spectra has not been previously investigated above 300 K. Some temperature-dependence studies of
line mixing for CH4 have been performed in the v3 region between 200 K and 300 K [65]. Line mixing
parameters and temperature dependence in the P(9) manifold of the v3 band were measured between
90 and 296 K by Mondelain et al [72]. The line mixing parameters in the R(6) manifold of the v3 band
were also recorded over the temperature range from 213.5 K to room temperature [73]. In general, the
collective of previous CH, line mixing studies have been focused on examining behavior near ambient
temperature (~300 K) or below.

This paper describes experimental measurements and modeling of the aforementioned line
mixing effects in the triply degenerate antisymmetric C-H stretch v3 band of CH, at temperatures up
to 1600 K, relevant to combustion environments. R-branch spectra from R(0) to R(18) are initially
examined at various pressures (2—25 atm) and temperatures (298—1021 K) using Fourier transform
infrared spectroscopy (FTIR) combined with a heated gas cell. Line mixing and its temperature
dependence in the R(15) manifold are further examined using interband cascade laser absorption
spectroscopy near 3.15 um at low pressures (0.3-2 atm) and elevated temperatures (298—1610 K)
in both a gas cell and shock tube. A modified exponential gap law and first-order line mixing
approximation (perturbation theory) were both used to model the line mixing effects of CH4 perturbed
by N, and compared at different experimental conditions. The adequacy of the two empirical models
for capturing the CH, line mixing effects under varying assumptions is also discussed, including
non-ideal behavior observed over varying pressure and temperature.

2.2. Theory
2.2.1. Line mixing

Spectral absorbance, «,, accounting for line mixing collisions can be written within the impact
approximation in the following form:

I NL
@, = —In (—t) =—Imd-G ! p-d 4)
Iy, T

where N [molec-cm™] is the total number density of the absorbing species and L [cm] is the path
length, p is a diagonal matrix with nonzero elements p; defined by the lower state Boltzmann population
fraction:
N, g’ —~hcE”
= — = — 5
N = 5 exp [ LT ] )

pPi
Here, N; [molec-cm™] is the number density at a certain energy level, g/ is the lower state degeneracy,

E” [em™'] is the lower state energy, Q is the total internal partition function, A [J-s] is Planck’s
constant, and ¢ [cm/s] is the speed of light, and d [cm_l/(molec‘cm_z)]l/ 2 is a vector of transition

14

DISTRIBUTION A: Distribution approved for public release.



amplitudes with elements d; given as:

d = Si(T) ©)
PJ
The dependence on wavenumber, v [em™!], is within G [cm™!], a complex matrix defined as:
G=vI-H (7
Where I is the identity matrix and a frequency-independent matrix H [cm™!] is defined as:
H=v)—iW (®)

vo [em™!]is a diagonal matrix of transition frequencies and W [cm™!] is the relaxation matrix which
captures collisional effects on the spectra and is given by:

Avc,-—iA,- 1fl=]
W;; = { ’ e )

PARRRi—>j ifi # J]
Where P is the total pressure in units of [atm], the real diagonal elements of W are the collisional
half-widths Av,; [cm~!], and the imaginary diagonal elements are the pressure shifts A; [cm™!]. The
real off-diagonal elements are linearly proportional to the state-specific population transfer rates, R;_, ;
[cm~!/atm], between two states i and j. The off-diagonal components of W represent contributions
from rotational dephasing, which are neglected here and set to zero. In Eq. (5), H can be diagonalized
using a similarity transform to obtain a diagonal eigenvalue matrix Q [cm™'] with diagonal elements

w; [em™!] such that:

Q=A"T1"H-A (10)

Since G only differs from H by a constant diagonal matrix, G~! is also diagonalized by A. Eq.(1) can
now be written as a function of v spanning all relevant spectral transitions i:

Z(d A)(A™"-p-d)

(v — wy)

(1)

If we define, A; = (d - A);(A™" - p - d);, @, becomes a sum over Lorentzian and dispersion terms:

NL Iin'RCAi+ImAi(V—RCQi)
@, = —
T4 (v —Re Q;)? +Im Q?

1

(12)

2.2.2. Perturbative treatment theory

The perturbative treatment (PT) theory for modeling line mixing consists of making a perturbative
expansion of the eigenvalues and eigenvectors of the matrix H in powers of W;;/(v; — v;). They can
be introduced in Eq. 12, which gives the first order treatment:

NL Si[Ave +Yi(v — vo)]

@, = — 13
"Ton — (v —voi — A)? + Av? (13)
with 4 Wy
Y, =2 L. 14
Z divi—v; (19
J#
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where S;, Av., A; and Y; are the linestrength, collisional width, pressure shift and line mixing coefficient
for the spectral line i. The expression in Eq. 13 will have different forms depending on the lineshape
model assumed. When accounting first-order line-mixing, the spectral absorbance assuming the Voigt
profile (a convolution of the Doppler and Lorentzian profiles) becomes:

NL ( S; )(m(z))“2
Oy =—

T AVD’,' T (15)
(Re[e(v, xi, yi)] +Y; - Im[c (v, xi, yi)])
where Avp ; is the Doppler half-width (HWHM), ¢ is the complex error function, and
V —
X = T(l (2))1/2
Avc l (16)

(1 (2)'/?

At low pressures, it may be necessary to consider the influence of narrowing mechanisms, such as
Dicke narrowing and speed-dependent effects [84, 85]. When considering first-order line-mixing for
the Rautian profile, the corresponding absorbance is given by:

NL ( S; )(m(z))”2
ay =—

b/d Avp.i T
c(v,xi,yi) A7)
8 (Re [1 - \/EﬂC(V,Xl‘, yl)]
C(V’xi’ yl) ])
Y- 1
" m[ — \rBe(v, xi, yi)

When considering speed dependent effects, the collisional width becomes a function of molecular
speed and is modeled with the following expression:

v

Aves(v) = Avei(um) (1 ray, [(—2) - 3]) (18)
vp 2

Where v is the speed of the absorbing molecule, vy, is the mean speed of the absorber, v, is the most
probable speed of the absorbing molecule, and a,; is the speed-dependent coefficient for line i. The
absorption coefficient for the speed-dependent Voigt profile with line mixing becomes:

@ ,T3/2 Z /

x |tan™! [ vr
yi(asi(v? —1.5)+1)

2
)dv

It should be noted that the line mixing among transitions with different A, E, F symmetry are negligible
for CH,4 because of the symmetry of the intermolecular potential [62, 76] and the line mixing parameter
sum rule constraint ; S;Y;=0 [63] was used for each A, E or F symmetry block. The temperature

2

19)

Y; [ U+ X
+—1In 5
vilasi(v>=1.5)+1)

2
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dependence of the parameter Y; is given by the following empirical relation:
T n
Y(T) = Y(To>(7°) (20)

Lastly, we note that in cases where the local linewidths substantially exceed the line spacing, a
first-order treatment may not be adequate to fully capture line mixing effects [77, 86]. However, in this
data-driven work, we constrain the perturbative treatment to a first-order empirical model framework
for simplicity.

2.2.3. Modified exponential gap law

In the modified exponential gap (MEG) law, the real part of the off-diagonals of the relaxation matrix
W;; in Eq. (6) can be constructed using the following form:

1 £ )|
taq (angT)

1+ ay (k;/ )
—a; (E;’ _ Elu)
kgT

W,'j = PARRR[_,J' =PXx al(T)

21

X exp

where a1 (T) [cm~!/atm], a», and a3 are species-specific MEG law coefficients retrieved from spectral
fits of the measured absorbance. a4 describes the collision duration based on distance of closest
approach and is kept constant for all the R manifolds in the spectral fitting performed in this study.
ARgg is a scaling constant associated with mixing in the R-branch. Since collisions promote the
Boltzmann population distribution, the upward and downward population transfer rates, R;,; and
R;_;, can be related through the detailed-balance principle [87]:

PjRj i = piRi; (22)

A single set of measured absorbance is sufficient to obtain the species-specific MEG law coefficients
for a given temperature [88], and a(7) can be modeled as a power law expression to determine the
temperature dependence of the relaxation matrix components:

a\(T) = al(TO)(?) (23)

where a;(Tp) is the MEG law coeflicient at a reference temperature, Ty, and m is defined as the
temperature exponent, obtained by fitting multiple sets of absorbance data over a range of temperatures.

In the present work, the broadening half width (HWHM) and the pressure shift for CH4-N, are
calculated using CHy-air broadening and shift coefficients from the HITEMP database [59]. Only the
line mixing coeflicients are set as free parameters for both the MEG law and perturbative treatment
models in fitting the measured spectra.

2.3. Experimental setup

An FTIR and tunable interband cascade laser near 3.16 um were used to measure the CH, absorption
spectra in a heated gas cell over a range of temperatures from 300—-1000 K. A high-enthalpy shock
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Figure 10 — Experimental setup for the laser and FTIR in the gas cell.

tube was additionally used for measurements at higher temperatures from 1000-1700 K with the laser
source. Here we detail the experimental configurations.

2.3.1. FTIR gas cell measurements

To determine the line mixing parameters of the CH,4 v3 R branch, absorbance measurements were made
using a high-temperature high-pressure optical gas cell at temperatures varying from 300—1000 K and
pressures varying from 0.3-25 atm. The cell body is housed in a tube furnace and connected to a
local gas delivery manifold leading to vacuum pumps, source gas bottles, and an agitated mixing tank
used to barometrically prepare CH4/N, mixtures for experimental measurements, as shown in Fig. 10.
The gas pressure within the cell is monitored with a variable capacitance pressure transducer for high-
pressure measurements and a dual-capacitance manometer for measurements below 1000 torr with
accuracies of 0.25% and 0.12%, respectively. The cell temperature is monitored with multiple K-type
thermocouples along the test region with an accuracy of 0.75%. More details about the mechanical

design of the cell, including a thermal analysis of temperature uniformity, are described in previous
work [89].

Over the full range of pressures, two different optical systems were used to measure the CH,
absorbance spectra. At test pressures from 0.3-2.0 atm, a narrow linewidth laser was used to spectrally-
resolve the R(15) manifold, discussed further in Sec. 2.3.2.. For pressures ranging from 2.0-25 atm, a
Fourier-transform infrared spectrometer (Nicolet iS50 FTIR) was used to capture the entirety of the v3
band. We focus our study and data analysis to the R branch in part due to poor transmission (and lower
data quality) at the longer P-branch wavelengths which is attributed to the temperature-dependent
transmission of the sapphire windows on the heated gas cell. The FTIR measurements shown here
represent a spectral resolution of 0.125 cm™! using the Happ-Genzel apodization function with Mertz
phase correction and no applied zero-filling. Measured spectra were compared to experimental data by
Pieroni et al. [64] to check that FTIR settings were appropriate for the conditions of interest, yielding
accurate results with weak dependence on apodization function. For each temperature and pressure
condition, the gas cell was initially vacuumed for the background measurements before introducing the
test mixtures. Test measurements were taken with N, as the test gas to ensure no pressure dependence
of the FTIR background signal and validate the use of vacuum for background measurements. The
cell pressure and temperature was monitored to ensure thermal equilibrium of the test gas within the
gas cell prior to data collection. The measured data represent 16 averaged scans with a total data
collection time of 5 minutes with pressure constant and slight fluctuations in temperature recorded for
use in the uncertainty analysis.
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Figure 11 — The measured transmission of the CHy v3 band: P =2 atm, T = 298 K, Xcy, = 0.0052. The strong
lines (J” = 0-18) belong to the v3 band consisting of P, Q and R branches. Weak lines belong to the 2v3, 2v4
and v, + v4 bands.

Fig. 11 shows an FTIR measurement of the CH, v3 band at the pressure of 2 atm and temperature
of 298 K with 0.52% CH, diluted in N,, which encompasses P, Q and R branches up to J” = 18.
Notably, each J” consists of a manifold of transitions with varying symmetry and n quantum index [90],
which increases with J”. The line mixing of the R branch from R(0) to R(18) manifold was measured
using the FTIR at various pressures from 2 atm to 25 atm and the R(15) manifold was more extensively
measured at lower pressures from 0.3 atm to 2.0 atm using the laser source.

2.3.2. Laser absorption spectroscopy optical setup

For high spectral-resolution investigations of CH4 near 3.16 um in both the high-temperature optical
cell and the high-enthalpy shock tube, a continuous-wave distributed feedback (DFB) interband cascade
laser (ICL) (Nanosystems and Technologies GmbH) is used to access the individual rovibrational
transitions comprising the R(15) manifold. This specific wavelength is targeted for high-temperature
combustion sensing applications. The ICL is tunable from 3162 to 3171 cm™!, and has a nominal
output power of 15 mW at 3166 cm™'. A 10 kHz sawtooth waveform of injection current is used to
tune the ICL across a 2 cm~! wavenumber range to resolve the entire R(15) manifold. Additionally,
the injection current is scanned below the lasing threshold to account for thermal emission from the
gases in both experimental devices.

The optical arrangement of the high-resolution sensor on both the high-temperature optical
cell and the high-enhtalpy shock tube is shown in Figs. 10 and 12, respectively. The transmitted laser
radiation is passed though an optical iris and a bandpass spectral filter (Spectrogon, 3160+60 nm)
to minimize thermal emission before being focused onto a thermo-electrically cooled photovoltaic
(PV) detector (VIGO System PVI-4TE-5). For each measurement /;, a corresponding background [
is recorded in the absence of a mixture to establish a baseline for calculation in Eq. 4. The relative
frequency of the laser light is determined by placing a germanium etalon with a free spectral range of
0.0241 cm™! in the path of the beam using an optical flip-mount.

2.3.3. Shock tube measurements

A high-enthalpy shock tube is used to generate higher temperatures (>1050 K) via near-instantaneous
shock heating of test gases. The shock tube is described in previous work by the authors [91, 80, 81],
and shown in Fig. 12. Analogous to the gas cell experiment, the driven and driver sections of the
shock tube are connected to vacuum pumps, an agitated mixing tank, and a gas delivery manifold
used to barometrically prepare the mixtures for the experimental measurements. The test section of
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Figure 12 — Experimental setup for the laser alignment on the shock tube.

the device has an internal diameter of 10.32 cm, defining the path length L in Eq. 4. Interchangeable
ports holding a dynamic pressure transducer (Kistler 601B1) and optical windows circumscribe the
test section 2 cm from the shock tube end wall. The pressure transducer records the pressure time
history of the incident and reflected shock wave through a charge amplifier (Kistler Type 5018A), and
five piezoelectric sensors (Dynasen CA-1135) record the time of arrival of the incident shock wave,
from which the incident shock velocity and reflected shock test conditions are determined [92]. When
accounting for non-ideal gas dynamics, the uncertainties in reflected shock temperature 75 and pressure
Ps are typically about 1% [93]. Once the ICL, germanium etalon, and photovoltaic detector were
aligned, a series of tests were performed. Example raw voltage data from the detector and transducer
charge amplifier, shown in the top of Fig. 13, were recorded at 10 MHz using a PicoScope 4000
series data acquisition module, triggered to record by the time-of-arrival sensors. Spectrally-resolved
CH, absorption measurements at 10 kHz were conducted in the shock tube for the temperature range
1050-1610 K and the pressure range 0.4—1.3 atm using scanned-wavelength techniques. For these
high-temperature shock tube studies, a mixture of 5% CH, in an N, bath gas was used as the test gas.

2.4. Results and discussion

Empirically-determined line mixing coefficients of CH, perturbed by N, are reported for the v3
R branch between 3024-3200 cm~! over a range of conditions. Models based on the modified
exponential gap (MEG) law and perturbation theory were used to fit the experimental absorbance
spectra and determine temperature and pressure dependence of the line-mixing parameters. For all
spectral modeling and fitting, values for the transition line centers vq;, linestrengths S;(7p), lower
state energy levels E!” and collisional broadening coefficient y,;,; were taken from the HITEMP
database for CH4 [59]. Natural abundance of 2CH, is assumed for all experiments. The following
two subsections describe experimental results for the entire v3 R-branch at high pressures (2—25 atm)
and the R(15) manifold at lower pressures (0.2-2 atm), respectively.

2.4.1. Line mixing in the v3 R-branch at high pressures

Measured absorbance of the R branch and the best-fit MEG model at a pressure of 24.5 atm at room
temperature are shown in Fig. 14(a), with stem plots (blue) showing the positions and linestrengths
of the transitions comprising each J-manifold. Each manifold from R(0) to R(18) was fit separately
using MEG model with no line mixing considered between different manifolds. Within each manifold,
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Figure 13 — (a) Raw detector and pressure transducer signals during non-reactive shock heating of CH, in a N,
bath gas. (b) Example scanned-wavelength detector signal in the shock tube for incident light Iy, transmitted
light I, and incident light through the etalon.
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Figure 14 — (a) Measured absorbance for R(0) to R(18) at 24.5 atm and 298 K with corresponding MEG
model fits (red) alongside prediction using HITEMP without considering line mixing (green). Note: The
air-broadening coeflicients and their temperature exponents in HITEMP were used in place of N,-broadening.
(b) Residuals from the fits considering line mixing (red) and predictions not considering line mixing (green).
(c) Residuals from the fits considering line mixing within each manifold individually (red) and considering
intra-branch mixing in the entire R branch (blue).

only lines within three orders of magnitude of the strongest line were evaluated for mixing. The line

strength of the weakest line included in the line mixing model for each manifold is denoted S(79)min
in Table 1. The inset in the top-right corner of Fig. 14(a) shows the R(12) manifold absorbance in
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greater detail, considering 18 transitions. Absorbance from weak lines below the specified linestrength
cutoffs was calculated using the HITEMP database parameters assuming Voigt profiles at the gas cell
condition; this absorption was fixed in the fitting procedure used to obtain the line mixing parameters
of the stronger transitions. For all simulations, the entire spectral range of interest (2850-3200 cm™')
is simulated for each line considered so as to account for absorption by the far wings of each transition.

Comparative residuals from the MEG model fits (red) and from HITEMP predictions not
considering line mixing (green) in Fig. 14(b) highlight different levels of line mixing for various R
manifolds. The level of disagreement observed by not accounting line mixing (as a percentage of
peak manifold absorbance) tends to increase with J”, though not monotonically, associated with the
increasing multiplicity of lines within each manifold. The entire R branch was also fit integrally using
the MEG model with only one group of line mixing coefficients a; through a4, with the residuals
presented in Fig. 14(c). Considering line mixing amongst all measured spectra captures the line
mixing behavior of some J-manifolds very well, such as R(7), R(8) and R(10); however, the line
mixing is underestimated for R(6) and R(9) and overestimated for R(4), R(11) and R(12). For the
subsequent results reported in this study, each J-manifold was fit independently when using the MEG
model.

The R branch was also measured at elevated temperatures, from 541 K to 1021 K at pressures
up to 25 atm. Representative absorbance measurements at 10 atm and multiple temperatures are
shown in Fig. 15 with the MEG law fits and corresponding residuals. It can be observed that the MEG
law model does not fully capture line mixing, with peak residuals (~4-8%) at T = 541 K shown in
Fig. 15(b), but the model is significantly improved over a HITEMP simulation without line mixing
(green). At these elevated temperatures, several hot band transitions are observed, most prominently
at 809 K and 1021 K. The measured absorbance in these spectral domains between the fundamental
band manifolds is reasonably consistent with expected values calculated using the updated HITEMP
database, without accounting for line mixing, and sufficient for properly modeling the far wings of
the primary manifolds of interest. We note that transitions of the naturally abundant (~1%) 13C1H4
are also included in the absorbance simulations, although no line mixing is accounted here due to the
relative weakness of these lines being below the aforementioned linestrength threshold. Similarly, the
fit provided by the MEG model at the highest pressure of 25 atm (and for these elevated temperatures)
generally captures the line mixing behavior, although there remains small underestimation of peak
absorbance in each manifold with peak residuals of ~0.8-5.6% at T = 541 K and ~4.9-10.6% at T =
1021 K.

The species-specific MEG law coefficients a;, a3, and a4 for each J-manifold are obtained by
fitting the absorbance at a single condition where the model works very well (room temperature and
25 atm) [64], and are held constant when fitting the spectra at different temperatures to obtain a (7).
The temperature dependence of a; (T') for each manifold was determined by applying a weighted least-
squares fit [94] of the power-law expression in Eq. 29 to these a;(T') values at different temperatures
(also at 25 atm). Representative experimentally obtained values of a;(7) for the R(14), R(15) and
R(17) manifolds are presented alongside corresponding power-law fits in Fig. 16. The calculated
species-specific MEG law coefficients and temperature exponents for all the manifolds are given in
Table 1, along with the number of lines considered in the fits and the minimum transition linestrength
among those lines, S(Tp)min. Overall weaker absorbance in the v3 band at elevated temperatures
contributes to increased measurement uncertainty in the coeflicients as seen in Fig. 16, largely due
to lower measurement signal-to-noise ratio (SNR). Although inter-manifold blending is present in the
spectral regions surrounding the higher J” manifolds, the restriction to intra-manifold line mixing
(similar E” at the same J”) in our fitting procedure enables improved spectral simulation compared
to a single MEG model for the entire branch. As such, the listed coefficients for each manifold in
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Figure 15 — (a) Measured absorbance from R(13) to R(18) for elevated temperatures (541 K, 809 K and 1021 K)
at 10 atm with corresponding spectral fits from the MEG law model. Note: The air-broadening coefficients
and their temperature exponents in HITEMP were used in place of N,-broadening. (b) Residuals from the fits
considering line mixing (red) and predictions without considering line mixing (green) at 541 K.
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Figure 16 — Temperature dependence of the line-mixing coefficients @ [cm~!/atm] and power law fits for the
manifolds R(14), R(15) and R(17) at the pressure of 25 atm. The temperature-dependent parameters for the
other manifolds are given in Table. 1

Table. 1 are valid for transitions with the same J”. It should be noted that only manifolds for which
line mixing is significant, R(4)—R(18), are included in Table 1. R(0) only has one transition, and the
line mixing within R(1)—R(3) is either restricted by transition symmetries (A, E, or F) or very weak
(a1(Tp) < 107'* cm~!/atm).

To test the validity of the empirical MEG model, the reported coefficients were used to calculate
the absorbance at P = 24.4 atm and 7' = 298 K for comparison with the measured and calculated results
from Pieroni et al [64] as shown in Fig. 17. The spectrally-resolved absorption coefficient («/Pch,
[cm~!/atm]) for the wavenumber region reported in that study was multiplied by the partial pressure
of CH,4 and the pathlength of the present experiments to obtain a comparable spectral absorbance @, .
The predicted spectrum from the MEG law-based line mixing model in the present work is in very
good agreement with the absorbance measured by Pieroni et al [64] and shows consistent accuracy in
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Figure 17 — (a) Absorbance (X = 0.0006, L = 9.4 cm) calculated from a/Pcy, [cm™ !/atm] reported by Pieroni et
al [64] at P = 24.4 atm and ambient temperature for R(7)—-R(9). Measured values (black points) shown alongside
calculations [64] (blue), the MEG law model of the present work (red), and predictions without line mixing
(green). Note: The air-broadening coefficients and their temperature exponents in HITEMP were used in place
of N,-broadening in the present work, while the N,-broadening was deduced by multiplying the air-broadening
in HITRAN by a factor of 1.02 [64, 70]. (b) Residuals from the two line mixing models and calculations without
line mixing.
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Figure 18 — (a) Measured absorbance from R(0) to R(18) at various pressures (2 atm, 10 atm and 25 atm)
at 809 K with corresponding best-fits using first-order line-mixing with the Voigt profile (red). Note: The
air-broadening coefficients and their temperature exponents in HITEMP were used in place of N,-broadening.
(b) Residuals from the fits of the first-order line-mixing model (red), MEG law model (blue) and predictions
without considering line mixing (green) at 25 atm.

capturing the effects of line mixing among the various manifolds.

Fig. 18(a) shows the broader R-branch spectra (R(0)—R(18)) measured at 809 K for varying
pressure, alongside corresponding spectral fits of the first-order line mixing model (PT) using the
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Voigt profile. The residuals for both the PT model (red) and MEG law (blue) are shown in Fig. 18(b).
While the MEG model produces larger residuals as pressure or gas density decreases, the first-order
line mixing model derived from perturbation theory could fit the measured absorbance well at any
pressure and temperature. However, this good agreement associated with the PT model fit should
not necessarily be interpreted as a more physical representation of line mixing, but rather the simple
result of many more free parameters. In perturbation treatment theory, Eq. 14 is only valid when the
transition overlap is not severe [77]; strongly overlapping lines in the measured high-pressure FTIR
spectra convolute the retrieved Y; values obtained from the PT model fits such that they lose direct
relation to the off-diagonal elements in the relaxation matrix and allow for multiple solutions. This
convolution may be acutely pronounced for the high J” R-manifolds, wherein more lines exist and
line mixing effects are more significant. In floating the Y; values over the range of high pressures (~5-
25 atm) there was no clear pressure dependence (as would be expected) of the line mixing coefficients
obtained from the PT model fit, with the exception of the R(2)—R(4) manifolds (owing to fewer lines
in each manifold). Multiple solutions to the PT fit could also be found given the large number free
parameters and fewer distinct spectral features at elevated pressures. As such, a higher-resolution
lower-pressure study was deemed necessary for utilization of perturbation theory.

2.4.2. Line mixing of the R(15) manifold transitions

A detailed high spectral-resolution investigation of line mixing among the 13 transitions comprising
the R(15) manifold was conducted using interband cascade laser absorption spectroscopy near 3.16 um
at various pressures from 0.3 atm to 2.0 atm in the heated gas cell and shock tube. Fig. 19 highlights
the transitions comprising the R(15) manifold along with their ground-state symmetries C” (A, E, F).
The transitions can be grouped into three clusters, referenced by their left-to-right ordering in Fig. 19.
Line mixing between the first and second cluster is observed at pressures as low as 0.6 atm, while line
mixing between the third cluster and the other two clusters is relatively weak, and we show in this
study that it can be neglected at pressures lower than 2 atm. The weak line mixing contribution by the
third cluster is likely due to its relative spectral isolation [67], resulting in the constituent transitions
with F and F, symmetries following the sum rule independent of the other R(15) transitions at each

Table 1 — Temperature-dependent MEG law parameters determined in this work

J” S(To)min  no. of ai as as as MCH,-N,
[cm~2/atm] lines [1073 cm~latm™']
R(4) 2.09x10%0 4 0.99 + 0.03 1.56 £ 0.06 10.00+0.17 2.69=+0.15 1.31+0.08
R(5) 1.95%x10%0 4 1.32 £ 0.01 094 +£0.02 999+004 269+0.15 1.35+0.02
R(6) 1.65x10%0 6 1.97 = 0.35 0.84 +024 1004 +2.68 2.69+0.15 198 +0.18
R(7) 1.34x10%0 6 1.24 + 0.28 0.88+0.09 10.15+0.12 269 +0.15 1.39+0.25
R(8) 9.85x107! 7 1.22 +0.17 0.86 +0.01 10.14+0.08 269 +0.15 1.71+0.15
R(O)  7.09x107! 8 2.06 = 0.65 085+001 995+1.86 269+0.15 141+0.34
R(10) 1.22x107! 11 1.13 £ 0.02 0.82+0.12 1043 +0.15 269+0.15 1.19+0.02
R(11) 7.49%x1072 13 1.07 = 0.10 0.87 +£0.10 10.15+0.02 2.69+0.15 1.41+0.10
R(12) 3.87x1072 18 1.08 = 0.09 083+0.11 952+020 269+0.15 1.17+0.09
R(13) 3.10x1072 14 1.29 = 0.26 084 +0.09 1020+0.10 2.69+0.15 124 +0.22
R(14) 3.92x1072 12 1.39 =+ 0.33 0.84 £0.07 10.03+0.09 2.69+0.15 1.34+0.26
R(15) 2.50x1072 13 1.74 £ 0.54 085+0.03 9.78+026 2.69+0.15 1.21+0.34
R(16) 1.21x1072 14 1.21 £ 0.18 0.84 +0.06 10.03+0.13 2.69+0.15 1.20+0.16
R(17) 5.78x1073 14 1.14 = 0.02 0.83+0.10 10.02+0.01 2.69+0.15 1.31+0.02
R(18) 2.37x1073 16 1.19 = 0.05 0.84+0.05 1003+0.13 269+0.15 1.12+0.04
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Figure 19 — (a) Measured absorbance of the R(15) manifold at ambient temperature and 0.6 atm with
corresponding best-fits from the PT-based line-mixing model using the Voigt lineshape profile (red) alongside
prediction using HITEMP without considering line mixing (green). The stem plots indicate the symmetries of
each transition. Note: The air-broadening coefficients and their temperature exponents in HITEMP were used
in place of N,-broadening. (b) Residuals from the best-fit of the line-mixing model and predictions without
considering line mixing.

pressure.

2.4.3. Line mixing and lineshape model performance

The MEG model and the PT-based model were both used to fit the experimental laser absorption data,
and Fig. 20(a) shows the measured absorbance alongside the best-fits from each model, with residuals
shown in the lower panel. As expected from the FTIR study, the MEG model does not fully capture line
mixing at these low pressures, and the resulting fits yield peak residuals of 5%—-30%. The PT-based
model, however, better captures line mixing in the R(15) manifold, yielding peak residuals less than
5.5% at any pressure. To examine the performance of the different line mixing models at different
temperatures and pressures in more detail, the root mean square error (RMSE) was calculated from the
best-fit residuals for both models, as shown in Fig. 21. The RMSE for the MEG model decreases with
pressure, while there is no obvious trend for the RMSE obtained from the PT-based model, though
the values are smaller for pressures lower than 1 atm. Fig. 21(b) shows that the performance of each
model is not strongly dependent on temperature for the temperature range considered in this study,
though the first order PT-based model outperforms the MEG model at all temperatures and pressures.
The R(15) manifold appears to demonstrate high selectivity in collisional effects for the examined
pressure range; significant coupling among the F; and F, transitions is apparent in the first (strongest)
cluster, while much less significant coupling is evident in the third (weakest) cluster. This selectivity
renders statistically based fitting laws such as MEG model inappropriate for characterizing line mixing
in CHy spectra [64], especially at low pressures. For this reason, the remaining discussion focuses on
the results obtained from the first order PT-based line mixing model.

To confirm the appropriateness of the Voigt lineshape profile for this study, the first-order
PT-based line mixing model using Rautian and speed-dependent profiles were also spectrally fitted
against the experimentally measured absorbance at low pressures (<2 atm). Fig. 22 shows the best
fits and fitting residuals for the first-order model with the three profiles at 0.52 atm and 980 K with a
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Figure 20 — (a) Measured absorbance of the R(15) manifold for various pressures (0.3 atm, 0.9 atm and 2.0 atm)
at ambient temperature (298 K) with corresponding best-fits from the first-order Line-mixing Voigt profile (red)
and MEG model (blue). Note: The air-broadening coefficients and their temperature exponents in HITEMP
were used in place of N,-broadening. (b) Residuals from the best-fit of two line-mixing models for each pressure.

Lorentz-to-Doppler broadening ratio of 2.8. The RSME decreases from 1.23 x1072 for the original
Voigt lineshape profile (VP) to 1.17 x 1072 for the Rautian profile (RP) and 1.15 x 1072 for the speed-
dependent Voigt profile (SDVP). The inclusion of Dicke narrowing or speed dependence yielded
little improvement, and the retrieved corresponding narrowing coeflicients approach zero for the two
profiles in most cases. For this reason, the Dicke narrowing and speed-dependent coefficients were
not measured in this study, and we report only the line mixing coefficients obtained using the Voigt
lineshape profile in subsequent plots and in Table 2. We note that collisional widths were calculated
using data from HITEMP [59] instead of assigning them as free parameters when using the first-order
line mixing profiles [66, 73] owing to unreliable fitting of a highly underdetermined system with
significant line mixing effects.

2.4.4. Temperature-dependent line mixing in R(15)

The first-order PT-based model using the Voigt profile was spectrally fitted against the measured
absorbance of the R(15) manifold at ambient temperature from 0.3-2 atm, as shown in Fig. 23
alongside HITEMP predictions (not considering line mixing) for reference. Overall, we observe that
line mixing in the R(15) manifold is significant, even at the lowest pressure condition examined,
typically resulting in a factor of two or more increase in the peak linecenter absorbance for the
strongest line cluster. Calculations reveal that the collisional width is larger than the frequency
spacing at pressures greater than 0.2 atm, associated with population transfers between the same
rotational energy states with different levels @ (where « is an integer corresponding to different levels
of the same rotational quanta) [90]. The R(15) manifold absorption was also measured in the heated
gas cell at 541 K, 809 K and 1021 K, and fit with the first-order PT-based model using the Voigt
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Figure 21 — (a) Root mean square error (RMSE) from the best-fits of the PT model and the MEG model at
pressures from 0.3 atm to 2.0 atm at ambient temperature. (b) RMSE from the best-fits of the PT model and
the MEG model at various temperatures (298 K, 541 K, 809 K and 1021 K) at 0.3 atm and 2.0 atm. RMSE
calculated as % of the peak absorbance.

lineshape profile, as shown in Fig. 24. Similar to the room temperature results, the first-order line
mixing model is shown to capture the spectra well at these higher temperatures, yielding low residuals
near 3%. Line mixing coefficients at temperatures higher than 1050 K were measured in the shock
tube. A representative measured absorbance and best-fit first-order line mixing model at 1610 K are
shown in Fig. 25 with a simulation not accounting line mixing for reference.

An examination of the line mixing contributions by specific transitions, designated by C”
a” — ', reveal notable differences among the clusters comprising the R(15) manifold. The pressure
dependencies of the line mixing coefficients obtained by the first-order PT model are displayed in
Fig. 26 with polynomial fits for the transitions spanning v =3166.05 cm™! to 3166.16 cm™! in Fig. 26(a)
and linear fits for the F; 1—55(3166.727 cm™ ) and F> 1 —54 (3166.733 cm™!) transitions in Fig.26(b).
The line mixing coefficients increase dramatically as pressure increases, reaching 103 for the F> 4—57
(3166.08 cm™!) and F» 4—58 (3166.10 cm™!) transitions while the coefficients are approximately
linear with pressure for the F; 1—55 (3166.727 cm™') and F» 1—54 (3166.733 cm™!) transitions,
achieving a much smaller magnitude. The pressure dependence of the line mixing coeflicients at
1021 K is depicted in Fig. 27(a), demonstrating a nominal decrease and more linear dependence on
pressures compared with the values at ambient temperature. In general, the line mixing coefficients
with smaller magnitudes have a more linear pressure dependence, consistent with the approximation
of the relaxation matrix in the first-order line mixing model based on perturbation theory; however,
Eq. 14 does not appear valid in this regime, since the coefficients with larger magnitudes increase
significantly and nonlinearly with pressure.
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Figure 22 — (a) Measured absorbance of the R(15) manifold at 980 K and 0.52 atm with corresponding best-fits
from the first order line mixing model using Voigt, Rautian and speed-dependent lineshape profiles. Note: The
air-broadening coefficients and their temperature exponents in HITEMP were used in place of N,-broadening.
(b) Residuals from the best-fit of the three models.
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Figure 23 — (a) Measured absorbance in the R(15) manifold from 0.3 atm to 2 atm at 298 K with corresponding
best-fits from the first-order line mixing model using the Voigt profile. Predicted absorbance using HITEMP (not
considering line mixing) also shown for reference. Note: The air-broadening coefficients and their temperature
exponents in HITEMP were used in place of N,-broadening. (b) Residuals for the pressures of 0.3 atm, 0.9 atm
and 2.0 atm.

To check that the non-linear pressure dependence of the mixing coefficients was a not an issue

of over-fitting too many free parameters, a multispectrum fitting routine [61] was used to fit the spectra
over a range of pressures from 0.3 atm to 2.0 atm, constraining the pressure dependence of the line
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Figure 24 — (a) Measured absorbance of the R(15) manifold at 541 K, 809 K and 1021 K and 1.3 atm with
corresponding best-fits from the first-order line mixing model using the Voigt profile. Predicted absorbance
using HITEMP (not considering line mixing) also shown for reference. Note: The air-broadening coefficients
and their temperature exponents in HITEMP were used in place of N,-broadening. (b) Residuals from the fits
to the experimental data at each temperature.
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Figure 25 — (a) Measured absorbance of the R(15) manifold at 1610 K and 1.28 atm with corresponding

best-fits from the first order line mixing model using the Voigt lineshape profile. Predicted absorbance using

HITEMP (not considering line mixing) is shown for reference. Note: The air-broadening coefficients and their

temperature exponents in HITEMP were used in place of N,-broadening. (b) Residuals from the fits with line
mixing and calculations without line mixing.

mixing coeflicients, with units of [atm~'], to be strictly linear. However, the absorbance spectrum at

each pressure could not be fit well, yielding peak residuals typically larger than 10%, reaching 20%
at the lowest measured pressure of 0.3 atm. The nonlinear dependence of Y; parameters on pressure
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Figure 26 — Pressure dependence of the measured line mixing parameter Y; given by the first order model
using the Voigt profile for the transitions (a) spanning 3166.052 em™! to 3166.158 cm™!. (b) F; 1—55 at
3166.727 cm~! and F> 1—54 at 3166.733 cm™!. Here, T = 298 K and the pressures from 0.3 atm to 2.0 atm.

is similar to the Dicke narrowing coefficients in Rautian and Galatry profiles [95, 96] with the growth
rate increasing with increasing pressure. The retrieved Dicke narrowing coefficients also deviate from
the dynamic friction coefficients due to the neglect of the correlations between velocity-changing and
state-changing collisions [97], which is similar to the deviation between the measured ¥; parameters
and the values calculated by the Eq. 14. Thus, a line mixing model based on first-order perturbation
theory may not be sufficient to physically characterize the transitions exhibiting this nonlinear mixing
behavior with increasing pressure, and a higher-order line mixing model may better describe the
observed trends. Nonetheless, a modified first-order PT-based model (allowing for some non-linearity
of ¥; parameters with pressure) captures the CH, line mixing satisfactorily, and may be more simply
used as an empirical approach (as opposed to a higher order model) to simulate the spectra over a
range of conditions, despite potential non-physicality.

These results may be further examined in the context of previous line mixing studies. The line
mixing coefficients in the R(15) manifold are observed to be relatively large, achieving values up to
~4.4 at 0.3 atm. These values are much greater than those in the lower J-manifolds, such as those
measured by Ghysels et al [73], who observed a maximum line mixing coefficient of 0.5 among the
transitions comprising the R(6) manifold at atmospheric pressure and ambient temperature. Significant
line mixing effects among the transitions comprising high-J” manifolds (J” >15)—such as R(17) and
R(19)—have also been documented by Grivoriev et al [68], who noted that the absorbance predicted
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Figure 27 — Pressure dependence of the measured line mixing parameter Y; given by the first order model using
Voigt profile for the transitions (a) spanning 3166.052 cm™! to 3166.158 cm™!. (b) F| 1—55 at 3166.727 cm™!
and F> 1—54 at 3166.733 cm™!. Here, T = 1021 K and the pressures from 0.3 atm to 2.0 atm.

by the summation of isolated lines underestimated the experimentally measured value by a factor of 2,
similar to the results for the R(15) manifold. The authors cautioned that the Y¥; parameters obtained in
the fit were unlikely to be reliable, despite that the calculated and observed absorbance were in good
agreement [68]. Unlike the current work, no pressure or temperature dependence was investigated,
precluding more detailed comparison beyond ambient conditions.

For the current work capturing the R(15) manifold, ¥; parameters with their uncertainties at
the pressures of 0.3, 0.6, 1.3 and 2.0 atm are presented in Table. 2. The listed uncertainties for
each parameter are calculated according to the methods detailed in ??. A polynomial fit may be
implemented to describe the pressure dependence of Y;, so that the parameters at pressures other than
those listed in Table 2 can also be obtained. The temperature dependence exponent n in Eq. 29 for
each line mixing parameter ¥; was determined by a power-law fit, using the Y; parameters evaluated at
atmospheric pressure. These empirical relationships readily enable calculation of spectrally-resolved
absorbance in the R(15) manifold for broader CH4 sensing applications.

To test the validity of the empirical model, the line mixing parameters were used to calculate
the absorbance at P = 0.97 atm and T = 298 K for comparison with the measured and calculated
results from Tran et al [70] as shown in Fig. 28. As with the literature comparison for the MEG law
coefficients, the spectrally-resolved absorption coefficient (a/Pch, [cm~!/atm]) for R(15) reported in
that study was multiplied by the partial pressure of CH,4 and the pathlength of the experiments in
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Figure 28 — (a) Absorbance (X = 0.03, L = 9.4 cm) calculated from the absorption coefficient a/Pcy,
[cm™!/atm] reported by Tran et al [70] at P = 0.97 atm and ambient temperature for R(15). Measured values
(black points) shown alongside calculations by the model of Tran et al [70] (blue), the first-order model in the
present work (red), and calculated values without line mixing (green). Note: The air-broadening coefficients
and their temperature exponents in HITEMP were used in place of N,-broadening in the present work while
the N,-broadening was deduced by multiplying the air-broadening in HITRAN by a factor of 1.02 [64, 70]. (b)
Residuals from the two line mixing models and calculations without line mixing.

the present investigation to obtain a comparable spectral absorbance «,.
conducted at exactly 0.97 atm in this study, the Y; parameters for P = 0.97 atm were obtained using a

As no experiments were

3-order polynomial fit of the parameters with respect to pressure at ambient temperature in Table. 2.

Table 2 — Measured first-order line mixing coefficient and temperature dependence for CH, R(15) manifold.

J C'«a J"C" «a v Y; (0.3 atm)  Y; (0.6 atm) Y; (1.3 atm) Y; (2.0 atm) 7
[ecm™!] [no unit] [no unit] [no unit] [no unit]
16 F;,57 15F 3 3166.05235 0.05+0.02 -043+0.06 -27.39+ 0.70 -112.83 + 2.81 3.4¢
16 E 38 15E 2 3166.05948 -0.54 +0.04 -220+0.11 249 + 048 14.00 = 0.30 0.4¢
16 A121 15A,2 3166.07227 046 +0.03 -3.10+x0.10 -64.08+ 2.31 -536.66 +15.75 3.4]
16 F157 15F 4 3166.08286 4.38 +0.06 31.88+0.30 457.90+10.32 3185.10 +73.80 2.5¢
16 F/, 58 15F 4 3166.09674 -4.29 +0.07 -26.99 +0.45 -446.09 +10.00 -3178.60 +73.48 2.5¢
16 F;,56 15F;2 3166.10877 0.73 = 0.06 1.00 = 0.31 16.73 + 1.18 11839 + 236 3.5:
16 A, 18 15A;1 3166.11530 -0.72 +0.03 2.17 £0.10 61.75+ 2.26 526.22 £ 15.39 4.3
16 F156 15F,3 3166.15875 -0.03 +0.01 -0.30 =0.03 -1.26 =+ 0.44 2541+ 220 1.6
16 A120 15A51 3166.29768 0.28 = 0.01 0.91 = 0.04 1.01 = 0.03 1.17 £ 0.03 1.4
16 F155 15F,2 3166.31721 -096 +0.22 -3.74 +0.43 -0.23 + 0.02 1492 + 0.53 1.0!
16 E 37 15E 1 3166.32460 0.55 + 0.04 227 +0.11 -2.56 + 0.50 -14.44 + 031 0.4¢
16 F/,55 15 F; 1 3166.72679 1.38 +£0.03 2.62 = 0.06 695+ 0.13 9.63+ 0.37 2.2
16 F154 15F 1 3166.73280 -1.50+0.04 -2.84+0.07 -7.51 « 0.15 -1042 + 044 2.2
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Figure 29 — (a) Pressure dependence of the line mixing parameter Y; for the F, 4—57 transition at various
temperatures (298 K, 541 K, 809 K, 1021 K). (b) Temperature dependence of the line-mixing coefficients Y and
power law fits for transitions (A, 2—21, F>, 457, F| 4—58, F, 155, F1 1-54) in the R(15) manifold at
1 atm.

Graphical depictions of the polynomial fits used to obtain ¥; at 0.97 atm are shown in Fig. 26. The
predicted spectrum from the first-order line mixing model in the present work is in good agreement
with the absorbance measured by Tran et al [70] and shows some improved accuracy in capturing the
effects of line mixing among the F; 1—55 (3166.727 cm™!) and F> 1—54 (3166.733 cm™!) transitions
relative to the model presented in that study. It should be noted that the prior work was using an older
and more sparse database. As expected, both models show much better agreement than the prediction
which does not consider line mixing near the most prominent cluster of lines.

Finally, we examine the temperature dependence of the first-order PT-based model for the
transitions comprising the R(15) manifold based on data from both the heated gas cell and shock tube
experiments. Fig. 29(a) shows the line mixing coefficient for the prominent > 4—357 transition near
3166.083 cm™! at the temperatures 541 K, 809 K and 1021 K over the range of pressures studied.
The magnitudes of the line mixing coefficients for this transition and the others decrease dramatically
with increasing temperature, exhibiting a more approximately linear pressure dependence. Fig. 29(b)
shows the line mixing coefficients determined at different temperatures spanning 298 K to 1610 K at
P =1 atm for several representative transitions in the R(15) manifold. As discussed previously, the
Y; coeflicients were fit with a power law using Eq. 29 to obtain the temperature-dependent exponent
n for each transition, and the resulting fits are also plotted in Fig. 29(b). The power law formulation
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captures the temperature dependence of the line mixing coeflicients reasonably well, demonstrating
its applicability for predicting CH, spectra across a wide range of temperatures. The temperature-
dependent exponent n determined at atmospheric pressure for each transition is listed in Table 2 along
with associated uncertainties calculated according to the methods detailed in ??.

3. Conclusion

Empirically-derived line mixing parameters and associated temperature-dependence exponents are
reported for the R branch of the v3 band of CH, perturbed by N, in the 3024-3200 cm™! region.
Experiments were conducted over a wide range of temperatures from 300 K to 1600 K, utilizing
a heated gas cell and a shock tube facility. High-temperature experiments were coupled with an
FTIR survey of the R-branch from 2-25 atm and a more focused laser absorption spectroscopy
investigation of the R(15) manifold at lower pressures. Two empirical models were tested and
found appropriate for different ranges of gas density. A modified exponential gap (MEG) law, with
manifold-specific coefficients, was found to capture line mixing in the R branch manifolds from
R(0) to R(18) with very good accuracy at the higher pressures (<3% max residual at 25 atm) and
increased error with decreasing pressure and gas density. Despite residual error, the MEG law model
offers significant improvement over conventional modeling that neglects line mixing and reasonable
agreement down to 2 atm, with temperature scalability to 1020 K. Line mixing of the R(15) manifold
was examined at lower pressures of 0.3-2 atm and at higher temperatures up to 1610 K using a
narrow-band interband cascade laser. A first-order line mixing model based on perturbative treatment
theory was developed to improve spectral simulation and scaling with temperature and pressure
compared to the MEG law. The temperature dependence of the PT model coefficients follows the
power law while the pressure dependence is nonlinear for some transitions in R(15), and requires
interpolation between pressure-specific coefficients for scaling. In aggregate, this work represents a
novel investigation of CH, line mixing at elevated temperatures and, perhaps more importantly, the
temperature-scalable empirical models which were developed in this work will enable quantitative
interpretation of absorption spectroscopy measurements in high-temperature environments.

4. 3D Methane Imaging Utilizing Line Mixing Effects

4.1. Introduction

Laboratory-scale flames often serve as simplified experiments to develop and validate models of the
coupling of transport phenomena and chemical kinetics for more complex combustion systems [? ].
With regard to fuels, methane (CH,4) provides an accessible theoretical, experimental, and
computational benchmark for understanding hydrocarbon combustion in flames. As a principal
component of natural gas, an intermediate in the oxidation of larger hydrocarbons, and a potent
greenhouse gas, CH, plays an outsized role in energy systems globally, and will remain important as
the power and transportation sectors work to meet increasingly stringent emissions targets. As such,
the spatial and temporal evolution of CH4 in flames (as a fuel, intermediate, or byproduct) is of acute
interest in combustion research, and methods with which to non-intrusively and quantitatively assess
CH, evolution in flames are needed for model development and validation.

Despite the high level of methane utilization for fundamental combustion and flame studies,
there is a relative dearth of diagnostic methods available for quantitative and spatially-resolved in situ
CH, detection. With careful optical filtering, calibration, and an estimation of gas composition,
Raman scattering techniques have provided quantitative CH, concentration in select flame
environments [? ? ? ? 98]. However, the relatively very weak Raman cross-sections for CHy require
cumbersome and costly high power light sources that yield localized point or line measurements with
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spatial resolution limited by the opto-mechanical translation of the experiment. Although historically
weak in spatial resolution capability due to its line-of-sight measurement, laser absorption
spectroscopy (LAS) offers a highly quantitative and calibration-free technique for non-intrusive
species and temperature sensing [32]. Coupled with tomographic reconstruction methods—LAS has
enabled some quantitative multidimensional measurements of CH, in select combustion flows with
compact, low-power sources [99, 100]. Using near-infrared sources and a multiplicity of laser
lines-of-sight, this approach provides somewhat coarse spatial resolution relative to the thin (mm)
reaction zones of flames. Recently, our group introduced a mid-infrared laser absorption imaging
(LAI) technique, with application to hydrocarbon fuels via access to the fundamental C-H stretch
vibrational bands, enabling flame scale (< cm) application [28, 30, 24]. This method provides
species-specificity and very high spatial resolution (<100 ym) via 2D imaging of an expanded laser
beam, but has lacked quantitative interpretation due to complexities in the convoluted spectral line
clusters and their acute temperature dependence within flames.

In this work, we employ volumetric laser absorption imaging in conjunction with a temperature-
dependent spectral line-mixing model for the v3 band of methane to obtain quantitative, simultaneous
temperature and methane spatial distributions within laboratory-scale flames. We first describe the
methods, including the volumetric LAI optical setup and line-mixing model, as well as the tomographic
data interpretation techniques used to obtain temperature and concentration field distributions. We then
demonstrate the diagnostic method experimentally on a non-axisymmetric methane-oxygen laminar
flame doublet, examining variations in requisite projection angles and regularization constraints to
produce high-resolution quantitative 3D images of methane and temperature in the fuel decomposition
regions of partially premixed flames.

4.2. Methods
4.2.1. Volumetric Laser Absorption Imaging

Laser absorption tomography (LAT) is a non-intrusive diagnostic method that enables spatially-
resolved thermochemistry measurements in reacting flows from a multitude of lines of sight [1]. Recent
advances in mid-wave infrared lasers have enabled LAT at the fundamental vibrational frequencies
of many combustion species of interest, facilitating high-sensitivity detection [101, 102] and enabling
quantitative investigations of small-diameter (<1 cm) flames [103, 104, 36]. Laser absorption imaging
(LAI) is a complimentary method designed to capture scenes backlit with tunable laser radiation at
very high spatial resolution using high-speed infrared cameras to yield spatio-temporally rich datasets,
typically with thousands of lines of sight collected simultaneously [28]. Fig. 30 shows the LAI optical
setup used in this work.

4.2.2. Optical Setup

The experimental configuration for this study was adapted from previous demonstrations of LAI by our
research group [28, 30, 24] and utilizes a high-speed infrared camera (Telops FAST-M3K) to image
a flowfield backlit with tunable laser radiation in the mid-wave infrared, as shown in Fig. 30. An
interband cascade laser (ICL) near 3.16 ym (Nanoplus GmbH) with a nominal output power of 15 mW
is used to scan across the R(15) manifold of the R-branch of the v3 band of methane [105]. The beam
is horizontally expanded with a cylindrical lens and re-collimated with a concave mirror, then pitched
through the flow-field comprising two Bunsen-style flames, each with flame brushes approximately
3 mm in diameter. The beam is spectrally isolated with a bandpass filter (Spectrogon, 3160 + 60 nm),
and a plano-convex lens focuses the expanded beam onto the detector array of the camera. The beam
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Figure 30 — Optical setup for this work, showing ICL beam alignment through the cylindrical lens, concave
mirror, laminar flame doublet mounted atop translation stage assembly, focusing lens, and bandpass filter into
camera detector array and corresponding transmission image. Resulting projected absorbance images of CHy
shown as insets with respective angle of the Bunsen-style flames.

is captured in the camera detector subwindow of size 64x48 pixels with a frame rate of 40 kHz and
integration time of 5 us. The laser is injection-current tuned using a sawtooth waveform at 400 Hz,
resulting in 100 points per scan for subsequent spectral fitting. The camera frame rate is maximized
while maintaining a subwindow large enough to capture the flowfield of interest. The laser scan rate
is selected to mitigate diffraction noise [30] while allowing for adequate spectral resolution at the
camera frame rate. For each projection angle measurement, data are collected at two heights using a
vertical translation stage and later combined after deleting overlapping pixels, yielding 64x72 lines
of sight to capture the whole flame brush. A total of 6 projection angles (evenly distributed within
a total 150° angle segment) were collecting, yielding an aggregate of 27,648 unique lines of sight.
Each projection image is collected and averaged over 1 s (400 scan average), an interval over which
the flames are assumed steady. Spatial resolution was evaluated by imaging a wire mesh with known
dimensions backlit with laser light [29], and was determined to be ~70 pm per pixel in both horizontal
and vertical direction.

4.2.3. Masked 3D Tikhonov Regularization

The Beer-Lambert law in Eq. 24 provides the spectrally-dependent absorbance @, in a gas medium
along a line-of-sight / [cm] for a specific frequency v [cm~'] as a function of the ratio of incident
intensity, /o, and the transmitted intensity, /;, of the laser light through the gas [1]:

1 L
aV:—ln(—f) :/ Kk, (D)dl (24)
I, Jo

0

a, depends on the line-of-sight-integration (over aggregate pathlength L [cm]) of the local spectral
absorption coeflicient, «, [cm™'], which is in turn dependent on the local thermodynamic conditions
(e.g., temperature, pressure, gas composition) at position / and frequency v. The path-integrated
nature of LAS requires that local values of «, (/) must be inferred from measurements of a,, and in
this study the gas medium is not spatially uniform over L.

For the LAI optical setup shown in Fig. 30, Eq. 24 applies to the line-of-sight collected by
each camera pixel, resulting in 2D images for a,, as shown in Fig. 31. Volumetric tomography aims
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Figure 31 — Schematic showing 2 orthogonal projection measurements «,,, and reconstructed local absorbance
from 6 projection angles at plane z = 1.56 mm.

to reconstruct the 3D field of local absorbance coefficients «, from 2D projection measurements «,,.
In this case, the flow field is discretized into a 64 X 64 X 72 cubic voxels probed by 64 x 72 parallel
lines of sight from 6 projection angles. Writing Eq. 24 for all 6 X 64 X 64 lines of sight in a given
plane yields a system of linear equations:

Wk, = @, (25)

where @, contains projection measurements and k, represent 3D field of discrete absorption
coeflicients, respectively, both in vector form. W is the 3D projection weight matrix, where W;;
represents the absorption length for the ith beam passing through the jth voxel. Due to limited-angle
measurements, matrix W is rank-deficient (and inherently ill-posed), which is typically addressed
with Tikhonov regularization [1, 106, 13]. In this approach, the rank-deficient matrix equation is
augmented by a second set of equations, AL = 0, and the local absorbance field «, is determined by
find the least-squares solution to the combined set of equations:

W Ko — @y proj
ALY 0

where L is the discrete 3D gradient matrix [9] that is used to enforce the smoothness condition and
n; is the number of neighboring pixels. A is the regularization parameter that controls the relative
importance of the smoothness term compared to the residual norm. In this study, 4 was chosen to

yield a value that pads the small singular values but does not overwhelm the large nontrivial singular
values [106].

Ky = arg min (26)

To further address the ill-posed inversion problem, a 3D masking method [9] is applied to
constrain the reconstruction volume. In this approach, 2D masks are defined by the user (by setting a
threshold value) on the projected absorption area images and backprojected into a 3D mask as shown
in the black regions of Fig. 31. Projection data below the threshold associated with nonvalid rays,
and the corresponding rows of the weight matrix W, are deleted from the optimization process per
equation 26. In this study, the suitable masking threshold was chosen to yield a solution residual norm
within 1% of the baseline residual norm from the regularization [9]. This process is not only useful for
reducing the blurring effects from Tikhonov regularization, but also helps to confine the artifacts in the
reconstructed volumes as demonstrated in previous volumetric reconstruction measurements [107, 9].
To account for the effects of the discretization of the domain and the regularization methods on the
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final spatial resolution, numerical studies [24] have been conducted by the authors using sharp-edge
phantom fields that are similarly distributed as the targeted flame doublet. Following the modulation-
transfer-function (MTF) based definition [? ? ], the final spatial resolution from reconstruction is
estimated by setting a 10% threshold on the MTF of the reconstructed edge and is determined to be
~200 pm. 3D distributions of temperature and mole fraction can then be determined by fitting the
local spectra «, using a line-mixing model for each voxel, as detailed in Sections 2.2 and 2.3.

4.3. Line Mixing Spectral Model

Though the simplest stable hydrocarbon, CH4 poses many spectroscopic modeling challenges,
particularly at elevated temperatures and pressures. Despite recent availability of
computationally-tractable high-temperature line lists for CHy [59], significant disagreement in
spectral absorbance—relative to predictions by conventional lineshape summation of individual
transitions—can be observed for measured CH, spectra at even ambient pressures and temperatures.
This is largely attributed to /ine mixing, a band- or manifold-narrowing effect in spectrally dense
regions caused by collision-induced changes in the populations of energy states [60]. In this work,
we take advantage of line mixing effects to enhance the sensitivity of temperature measurements
within the narrowband tuning range of a distributed feedback interband cascade laser.

When targeting the R(15) manifold in the v3 band of CHy4, quantitative inference of methane
mole fraction and temperature requires an accurate model of line mixing effects. The governing
equations of line mixing and associated spectroscopic data at elevated temperatures for the R-branch
of the v3 band of CH, are detailed extensively in a prior work [105], and so we only briefly review key
elements here for reader comprehension of the imaging strategy. The spectral absorption coefficient,
Ky, can be written within the impact approximation accounting for first-order line mixing effects and
assuming a Voigt lineshape profile [60]:

S«T)\ [In @),
NZ (AVDz) 27)

(RC[C(V, xi, yi) 14Y; - Im[e(v, x;, yi)])

where N [molec-cm™] is the number density, S;(T) [cm™Y/(molec.-cm™2)] is the
temperature-dependent linestrength, and Avp ; [cm™'] is the Doppler half-width for each spectral line
i of the absorbing species. ¢ is the complex error function, with:

— i 5
Pl (Tl /N Yo

(28)

vo; [em™], Ave; [em™!'], and &; [cm™!] are the linecenter, collisional width, and pressure shift,
respectively, for each transition i. Transition linestrength, S;(7T’), as well as vq;, Av.;, and ¢; are
obtained from the HITEMP database [59], with only air- and self-broadening considered in the
calculation of Av,;. Y; is the dimensionless line mixing coefficient accounting for the influences of
nearby transitions j within the same manifold, such that j # i. The temperature dependence of the
line-mixing parameter Y; is approximated by a power law,

e =ne( 2] 29
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where n; is a temperature-dependent exponent and Y;(7y) is the value of ¥; at a reference temperature
of Tp=296 K. Values of Y;(Ty) and n; for 13 CH, transitions comprising the spectral domain of interest
have been determined previously [105], and can be used to model the spectral absorption coefficient
of the R(15) manifold of CH4 from 296 K to 1600 K.

Fig. 32 shows spectral absorbance by CHy4 in a heated optical gas cell with an N, bath gas
at 800 K and 0.9 atm alongside predictions both considering and neglecting line mixing. Notably,
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Figure 32 — Measured absorbance in the R(15) manifold at 0.9 atm and 800 K in a heated optical cell, alongside
predictions with and without the line-mixing model by Li et. al [105] and corresponding residuals. Frequencies
used for ratiometric thermometry annotated by v 4, vg, and vy.

neglecting line mixing results in under-prediction of peak absorbance near v4=3166.1 cm™! by over
20% at 800 K. When accounting for line mixing, the peak absorbance near vz=3166.3 cm™! and local
minimum absorbance near vy=3166.2 cm™! are only moderately under-predicted and over-predicted,
respectively. Clearly, line mixing in this spectral domain must be considered to provide reasonably
accurate and quantitative LAS-based measurements of temperature and CH, concentration in the

decomposition regions of flames.

4.4. Ratiometric thermometry and spectral fitting

With a temperature- and concentration-scalable spectral model for «, established, the measured and
reconstructed fields of k, can be interpreted to yield fields of temperature and CH4 concentration.
Previous demonstrations of LAI have used ratios of measured spectrally-integrated absorption
coeflicients to determine flowfield thermochemistry (temperature, mole fraction) [28, 9]; however,
such an approach was not sufficiently robust to reliably extract flowfield thermochemistry in this
study, because the targeted R(15) manifold transitions all possess similar lower state energies
(between E7 = 1250.83 cm~! and E! =1252.07 cm™!). To overcome this challenge, we developed a
ratiometric thermometry method which leverages the temperature sensitivity (caused by
temperature-dependent line mixing) of the absorption feature near v4 and temperature-insensitive
feature near vp shown in Fig. 32 to obtain the thermochemistry of the reacting flowfield.

A ratio of the relative peak-to-valley spectral absorption for v4 and vp relative to vy for a given
location / can be defined by:
KVA(Z) - KVv(l) (30)

RO = e 0 =)
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Fig. 33 shows simulated values of R as a function of temperature for cases both considering and
neglecting line mixing effects, alongside corresponding numerically-computed values of normalized
temperature sensitivity, (dR/R)/(dT/T). It can be noted that including line mixing effects is shown
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Figure 33 — Peak ratio and temperature sensitivity as function of temperature

to increase R by over 25% at 1100 K and over 50% at 500 K, yielding a larger change in R over the
temperature range. Correspondingly, the temperature sensitivity is approximately doubled from 600-
1500 K, providing for sensitive temperature measurements over the target temperature range for fuel
decomposition and preheating in flames. R is only weakly dependent on CH4 mole fraction, as shown
in Fig. 34, owing to the influence of self-broadening at elevated concentrations of CH4 on «,, at v4, v,
and vy. Thus, spectrally-resolved measurements of local absorption in different regions of the reacting
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Figure 34 — Peak ratio as a function of temperature and mole fraction.

flowfield provide for sensitive temperature measurements even if local CH4 mole fraction is unknown
a priori. The foregoing analysis indicates a clear increase in temperature sensitivity (particularly with
regards to v4) associated with line mixing effects, which is utilized in this measurement strategy for
enhanced thermometry.
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A ratiometric technique is coupled with spectral fitting to obtain the flowfield thermochemistry
at every spatial location /. We first compute R(/) from the reconstructed fields of «, (/) and compare
these observations to values of R(/) simulated assuming Xcy,=0.4, providing for an initial temperature
uncertainty of ~ +100 K. Regions with very low «, (/) (SNR < 5 for «,,)—typically in the regions
of the flames where CH, has largely been consumed—were excluded from this calculation owing
to non-physical results. Following this, we fit the line mixing model described in Section 2.2 to
the observed spectra, with CH, mole fraction Xcy, and a broadening multiplier for all Av.; as free
parameters and temperature and pressure as fixed parameters. The broadening multiplie—applied to
all transitions i equally—accounts for collision partners other than air or CH, in the reacting flowfield,
and was found to be ~1.3 throughout most of the flowfield in this study, which corresponds with most
combustion species having a higher broadening coefficient than nitrogen. Representative spectral fits
on experimentally-obtained «, and accompanying residuals are shown in Fig. 35 for two locations in
the flame, demonstrating that the temperature-dependent line mixing model can adequately describe
the observed spectra.

©  Exp. Data
LM Fit: Point 1 |
= = = LM Fit: Point 2

Absorbance «
o
N

o
NN

o O,
O
-~
N
7

N/
3166.0 3166.1 3166.2 3166.3

Wavenumber [cm'1]

|
(6)]
T

Residual [%]

Figure 35 — Reconstructed spectra and corresponding spectral fits for two points in the plane at z = 1.56 mm,
with (1) a high CH,4 concentration near the flame center, and (2) a lower CH,4 concentration away from the flame
center.

4.5. Results
4.5.1. Demonstration on 3D flame doublet

The quantitative methane and temperature imaging method was demonstrated and evaluated
experimentally on a partially-premixed methane-oxygen flame doublet. The flame pair was mounted
on a rotational stage to image the flow-field from a variety of angles, as shown in Fig. 30. The
partially premixed flames were controlled via thermal mass flow controllers (MKS MFC GES50A)
with combined reactant flow rates of 150 sccm CH,4 and 100 sccm O,. This corresponds to a
fuel-rich mixture with a molar fuel-oxygen equivalence ratio of ¢ ~ 3 prior to mixing with ambient
air. After the flows were split to the two burners, one flow was measured with a rotameter to ensure
equal flow through each burner. The exit velocity of each flow was 0.33 m/s and the jet exits of the
stainless steel burners were 1.6 mm in diameter, providing a laminar jet Reynolds number of ~36.

Experimental volumetric laser absorption imaging of temperature and CH4 mole fraction are
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shown in Figs. 36 through 38 using the methods discussed in Section 2. Neither temperature nor mole
fraction were resolved in regions with very low absorption coefficient (SNR < 5 for «,,), and these
regions are not plotted for clarity. Quantitative 3D LAI results for CH4 mole fraction and temperature
are shown in Fig. 36 based on six projection angles. Specific x—z, y—z, and x—y planes have been
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Figure 36 — Three-dimensional tomographic reconstructions of CHy (fop) and temperature (bottom) generated
from six unique projection angles. Specific x-z, y-z, and x-y planes have been highlighted to display internal
flame structure.

highlighted in Fig. 36 to display cross-sectional flame structure. It is observed that the concentration
of CH, drops rapidly in the flame as temperature increases above 900 K. The CHy4 in the reacting
flowfield is confined into relatively small jets in the flames’ centers, despite the significant overlap of
the flame brushes seen in the photographic inset of Fig. 30. Moreover, the 3D images produced by the
VLAI technique have a high enough spatial resolution to indicate that the CH, jets tilt slightly towards
one another, possibly due to buoyancy-induced flow acceleration in the center of the overlapping flame
brushes.
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4.5.2. Influence of view angles

In laser absorption tomography, increasing the number of projection angles generally improves spatial
resolution and the ability to resolve steep thermochemical gradients associated with the reaction
zones of flames [9]. In this subsection, the effect of number of projection angles is examined. As
a benchmark, a Tikhonov-regularized Abel inversion [6] was applied to a projection measurement
of an isolated single flame to reconstruct the radial temperature and mole fraction profiles assuming
steady, axisymmetric conditions. These reference profiles were positioned at the measured centroid of
each flame within the doublet configuration. Notably, comparison with this Abel inversion reference
is only valid at low z planes where interaction between the two flames is minimized. The reference
is compared to those generated by 3D masked Tikhonov regularization using both six and three
projection angles in Fig. 37 for a representative 2D cross section. It can be seen that incorporating
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Figure 37 — Comparison of reconstruction accuracy for mole fraction (fop) and temperature (bottom) of the z =
1.56 mm horizontal plane with 1D Abel inversion as a reference (left).

additional projection angles into the reconstruction results in high spatial gradients in mole fraction
and temperature that are more representative of the reference reconstruction.

To better compare the reconstruction quantitatively, we can plot the thermochemistry as a
function of distance from a single flame’s axis of symmetry. Fig. 38 compares 1D radial profiles of
temperature and CH4 mole fraction for a single flame in the flow, obtained from both 3D Tikhonov
regularization and reference Abel inversion. The 1D radial profiles from 3D tomography were
generated using the 1D profile marked by the white line on Fig. 37. Six projection angles were found
to reduce the differences between the 3D regularization results and the reference reconstruction as
well as resolve high spatial gradients within the flame compared to the result using three projection
angles. The steep spatial gradients associated with the methane and temperature profiles resolved with
this technique imply a spatial resolution of ~200 um is achieved.

4.5.3. Quantitative references

While the flow-field examined here is not perfectly known, some reference quantities can be compared
to the results. In the left of Fig. 38, the reconstructed temperature field from VLAI of CO in
the flames [9] using 11 projection angles is provided for reference for regions with sufficient CO
absorbance (SNR > 5). The temperature fields agree within experimental uncertainty (see Section
3.4 for details) in the overlapping regions, providing confidence in the line mixing model employed
for CHy, and highlighting a former gap in measurement capability filled by this imaging strategy.
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Figure 38 — One-dimensional radial profiles of temperature (left) and CH, mole fraction (right) generated
from different number of projection angles compared to reference profiles generated from the Abel transform.
Temperature measurement from CO in same the flames using 11 projection angles is also provided for reference.

Regarding the species fields, for an equivalence ratio of ¢ ~ 3, we expect the maximum possible mole
fraction leaving the burner to be Xcy, =~ 0.6; however, the actual mole fraction is expected to be lower
given mixing with ambient air prior to combustion. A maximum reconstructed value of Xcy, ~ 0.47
was observed in the flow-field, corroborating this expectation.

4.6. Uncertainty analysis

In this paper, we follow the Taylor series method (TSM) of uncertainty propagation presented in
previous LAT works [104, 36]. In this work, the temperature is measured by comparing the field of
reconstructed peak-to-valley ratio R defined in Eq. 30 to the modeled ratio. Therefore the temperature
uncertainties were calculated considering both uncertainties:

AT\> (AR’
(7) ) (R) ’
, , (31)
(Z222) | (z7)
Rinodel dR/R

where AR,.. is the uncertainty in reconstructed ratio associated with a flow-field orientation
uncertainties of = 1°from the rotational stage [108], and AR,,,4.; is the uncertainty in modeled ratio
due to the pre-assumed mole fraction. The uncertainties in mole fraction can then be calculated
using Eq. 32 based on the line-mixing model in Eq. 27:

AXabs 2_ Ak, 2 AS;(T) 2 AY; 2
( Xabs ) _( Ky ) +( Si(T) ) +(71) (32)

where Ax,/k, accounts for uncertainty in reconstructed spectra associated with the flow-field
orientation uncertainties, AS;(7T)/S;(T) accounts for linestrength uncertainties from the HITEMP
database as well as temperature uncertainties, and AY;/Y; is the uncertainty from the line-mixing
coeflicients reported by Li et al [105]. Representative uncertainties of temperature and mole fractions
are plotted as error bars in Fig 38, with typical values of + 50-150 K and + 6-10%, respectively.
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4.7. Conclusion

This work involved the development and demonstration of a high-resolution quantitative volumetric
laser absorption imaging technique for methane and temperature with application to laboratory flames.
The technique utilizes and accurately accounts for complex spectral line mixing effects in order to
enable sensitive and quantitative measurements in the preheat and fuel decomposition zones of flames.
Quantitative VLAI of methane in such flame regions fills a gap in existing imaging capability, with
significant advantages in spatial resolution, dimensionality, and accessibility relative to established
Raman scattering methods. Targeting the community’s benchmark hydrocarbon fuel and an important
intermediate for larger hydrocarbons, this method will enable many new studies seeking to develop
and validate combustion models of the coupling of transport phenomena and chemical kinetics. To
expand the volumetric LAI method to time-resolved capability, as has been demonstrated previously
in two dimensions [30], multiple projection angles must be imaged simultaneously and adaptations of
regularization methods [109] are needed to resolve more complex flowfields.

Project Summary

Overall, the YIP project has achieved significant advancements in quantitative, spatially-resolved
measurement capability for species and temperature at combustion conditions. At the beginning of
the project, the LAI method had been demonstrated in 1D. The method has been evolved to perform
volumetric and time-resolved measurements, providing novel capability to quantitatively examine
combustion dynamics in a 3D domain. Advancements in dimensionality were enabled in part by
deep learning methods and other data science tools that produced efficient image reconstructions.
Additionally, the spectroscopic phenomena and characteristics of carbon monoxide, carbon dioxide,
and methane have been revealed at high-pressures and temperatures for select infrared wavelength
regions targeted for detection at extreme combustion conditions. Line mixing and line broadening
were shown to be prominent at elevated gas densities, and these effects were quantified to enable
laser absorption sensing over a wide range of conditions. Detailed models were developed to capture
these spectroscopic effects and enable prediction at supercritical conditions. As discussed in this
report, such line mixing effects were utilized to perform quantitative imaging of methane in 3D
reacting flows, representing a combination of the laser absorption imaging and high-pressure
spectroscopy advancements. Future work is expected to push LAI to even more extreme conditions
(higher-pressures) and to the 4D domain relevant for turbulent combustion. Notably, the YIP project
involved ten journal publications, three graduate students, and a postdoc, providing meaningful
training opportunities and scientific impact.
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