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Abstract This work presents methods enabling real-

time multi-species direct absorption spectroscopic fit-

ting at kilohertz iteration rates with high accuracy of
spectral line shapes on embedded systems. Precompu-

tation of multi-dimensional polynomials and effective

pressures allows high accuracy approximation of HI-
TRAN Hartmann-Tran absorption coefficients with full

matrix broadening and low residual error, replacing com-

putationally slow line-by-line simulations and inaccu-

rate fixed-basis functions. A novel Levenberg–Marquardt

solver augmented with Taguchi orthogonal array explo-

ration accelerates fitting convergence and escapes local

minima. Together, these methods enable simulated im-

plementations that fit 1000-point spectra with simultane-

ous etalon fringe, temperature, and pressure estimation

at 1 kHz using 0.8 W simulated computational power
for a single laser system. This work further simulates
a simultaneous dual-laser single-detector architecture

exploiting co-prime spectral lengths, fitting six concen-

tration parameters at 0.82 kHz using 1.6 W simulated

computational power. Mid-infrared TDLAS simulations

targeting CH4, H2O, C2H6, CO2, and N2O provide an

approach for possible atmospheric sensing deployments

and chemical kinetics studies.

Keywords Tunable diode laser absorption spec-

troscopy · spectral line shapes · Taguchi orthogonal

array · HITRAN approximation · Multi-species trace

gas sensing
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1 Introduction

High-resolution spectroscopy often relies on physics-

informed spectral modeling and curve fitting to extract

physical parameters from weak, information-rich signals

in the presence of large optical backgrounds. By greatly

improving the efficient real-time extraction of physical

parameters such as sample concentration, temperature,

and pressure from spectra, this work enables a variety

of novel capabilities for spectroscopic sensing in field

deployments.

In precision narrowband light source applications,

spectroscopists commonly model transmission or absorp-
tion spectra by simulation of HITRAN data and models

[1] (or similar spectral databases) and combine them

with a system model that maps these parameters to an

expected detector signal.

These models match the experimental behavior of a

gas sample to a high degree of accuracy when models
include all relevant physical parameters. Laboratory

grade instruments that need to prove traceable accuracy

continuously store how closely the signals correspond to

the underlying physics model.

Such HITRAN-driven spectral modeling coupled

with least-squares curve fitting algorithms frequently
finds applications aiming to measure high-accuracy

chemical concentrations and/or physical parameters
such as pressure and temperature in air samples.

For portable high-accuracy spectrometers, post-

processing of raw acquired spectra frequently replaces

real-time fitting, avoiding embedded computing re-

quirements. However, storage and transmission of the

required raw data rates without losing spectral infor-

mation from a remote location is costly, especially in

long-term battery/solar powered wireless sensor net-

work deployments. Additionally, some sensor control
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systems require very low latency fit results to use in

local feedback systems for higher accuracy (e.g. laser
wavelength stabilization).

In typical real-time sensor deployments, embedded

computational units continuously compare measured

spectra against simulated or recorded spectra. This ap-

plies across a wide range of techniques, including RF

frequency modulation spectroscopy [2], cavity-enhanced

methods (e.g., cavity ring-down and integrated cavity

output spectroscopy) [3,4], and optical frequency comb

spectroscopy [5]. In general, these applications typically

rely on HITRAN-based line-by-line simulations [1], fit

to the measured spectra to retrieve trace-gas concentra-

tions and gas properties [6,7].

This work implements simulations of molecular trace-

gas TDLAS (Tunable Diode Laser Absorption Spec-

troscopy) in order to demonstrate the new methods
developed here — though the improvements apply to

the myriad other techniques for spectroscopy which inte-

grate least squares fits of multi-parameter models with

strong interparameter interaction. Beyond atmospheric

monitoring, laser absorption spectroscopy sees signifi-

cant use in medical applications [8,9], planetary explo-

ration [10], and industrial process and safety monitoring

of hazardous species [11].

The main difficulty in these measurements is that

the spectroscopic signature is a small fractional change

(frequently 10−3 to 10−9 of the optical intensity) of a

larger optical power baseline coupled with other system-
atic effects (e.g., etalon fringes, source intensity drift,

detector responsivity variation, or optical-coupling fluc-

tuations). Proper analysis therefore requires estimation

of both the slowly varying baseline and the narrowband

absorption feature(s). In practice, this is often done in

two steps: first, fitting a model for the baseline; then

second, fitting the absorption model [12]. The sections of

the spectra which have closer to zero absorption provide
points for the initial baseline fit, attempting to make the

baseline independent of the absorption signals. Accord-

ingly, these sensors usually operate at lower pressures

(typically < 0.5 atm) to reduce complicated pressure

broadened multi-line spectral wing contributions in the

baseline intensity.

The absorption strength and line center of each indi-

vidual transition directly depend on the sample thermo-

dynamic conditions, especially pressure. Here T and p

denote the sample temperature and sample pressure, re-
spectively. For high-precision-and-accuracy applications,

even modest variations in T and p can produce substan-

tial changes in the effective line shape, directly biasing

spectroscopic parameter retrieval if not controlled or

modeled in the fit. As a result, retrieval of concentra-

tion can require explicit precision measurement (and

often extreme precision control) of T (to < 5mK) and

p (to < 0.0005 atm) to reduce the effect of these critical

parameters [13].

When scaling high-accuracy point sensor networks

such as the Integrated Carbon Observation System

(ICOS) [14], cost and complexity of the overall sensor

architecture become significant factors versus accuracy;

however, the work here significantly reduces that trade-

off.

2 Background

2.1 Forward model for a single isolated line

For a gas phase molecular transition, transmission mod-

els follow the Beer–Lambert law

I(ν) = I0(ν) e
−α(ν)L, (1)

where I0(ν) is the incident intensity, L is the path length,

and α(ν) is the absorption coefficient. For a single molec-

ular species at number density N ,

α(ν) = N · S(T ) · φ(ν;T, p,x), (2)

where S(T ) is the line intensity, x is a vector of species

concentrations, and φ is the normalized line-shape func-

tion.

In most field deployed systems which model the spec-

trum directly in real-time, φ is a Voigt profile, i.e., a
convolution of a Gaussian Doppler component (with

width set by T and molecular mass) and a Lorentzian

collisional component (with width set by p and broad-

ening coefficients).

More advanced spectral models (e.g. Speed Depen-

dent Voigt (SDV), Hartmann-Tran (HT)) add speed de-

pendence and collisional narrowing, requiring augmented

computational resources. Such improved accuracy is nec-

essary in many applications to avoid additional calibra-

tion requirements when implementing higher optical-

frequency-resolution spectra of shorter wavelength scan

ranges. Field instruments commonly combine a Voigt

line shape with air broadening only, omitting both these

line shape effects and self- and cross-broadening; Fig-

ure 1 shows the combined error from these two common

omissions.

Spectral fitting typically proceeds by defining a pa-

rameter vector β (e.g., baseline coefficients, concentra-

tion, line center, width parameters, and sometimes T

and/or p) and minimizing a least-squares objective, typ-

ically using either direct solvers or iterative non-linear

least squares fitting such as Levenberg–Marquardt [15].
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Fig. 1 Example simulated error from omitting full-matrix
broadening and SDV/HT line shapes. Top plot: The dashed
line is a Voigt profile with air broadening only; the solid line is
the speed-dependent Voigt / Hartmann-Tran (SDV/HT) model
with full self- and foreign gas cross-broadening. Bottom plot:
Combined peak error from both omissions (Voigt line shape and
air broadening only), relevant to field instruments that use air-
broadening-only Voigt models.

2.2 Direct absorption vs. wavelength modulation

spectroscopy methods

In wavelength-scanned direct absorption spectroscopy

(simply “direct absorption”), a narrowband laser’s wave-

length tunes across the absorption lines over time for the

analysis of transmitted intensity (without intentional

sinusoidal wavelength modulation).

Direct absorption measurements are conceptually

simple and retain a straightforward connection between

the measured spectrum and the underlying absorption
coefficient. However, because most of the signal content

remains closer to DC when the spectral iteration rate

is limited, low-frequency technical noise and baseline
fluctuations often limit sensitivity, motivating migration

to lock-in detection.

Wavelength modulation spectroscopy (WMS) im-

proves noise rejection by imposing a high-frequency

modulation (typ. 10-100’s kHz) on the laser frequency

while scanning across an absorption line, then demodu-

lating the detector signal at the modulation frequency

(1f) and/or its harmonics (typically 2f) using phase-

sensitive lock-in amplifier detection [16,17]. The key

practical advantage is that the signal shifts away from

low-frequency technical noise (e.g., 1/f intensity noise,

baseline drifts, and slow etalon variations), allowing de-

tection of very small absorbance changes on top of a

large optical power background.

WMS/lock-in benefits come with trade-offs: the de-

modulated signal depends on exact modulation depth,

residual amplitude modulation, higher harmonic signal

power leakage, and the phase and frequency response

of the electronics signal chain. Exact retrieval typically

requires a full model of the modulation/demodulation

process or continuous calibration rather than a direct ab-

sorbance fit [6]. Additionally, the signal may show more

sensitivity to absorption line shape changes from pres-

sure and temperature due to the mathematical derivative

nature of the measurement.

However, the WMS method allows for (i) an ex-

tremely simple lock-in low-pass filter to exclude all noise

outside the detection bandwidth, and (ii) multiple lasers
with single detectors, by using different modulation

frequencies on each laser [18], avoiding time-division

multiplexing (and the associated dead-time) in single
detector, multi-laser systems.

2.3 Matched filtering and optimum noise rejection

From a signal processing standpoint, detecting a spe-

cific spectral signature in additive noise corresponds to

a matched-filter problem: the optimal signal detector

directly correlates the measurement with a copy of the

expected signal [19]. In practice, for spectroscopy this

motivates (i) fitting with a physics-informed basis, (ii)

shaping the measurement and filtering so that the signal

occupies frequency bands where the noise power spectral
density is low, and (iii) transformation and filtering of

the basis fit result to desired outputs.

WMS and lock-in detection correspond to this prin-

ciple: the spectral information moves from near-DC

(where technical noise and baseline drift are strongest)

into higher frequencies via sinusoidal wavelength modu-

lation. The lock-in detection then implements a narrow-

band, “matched filter” local oscillator detector with low

pass output filter, trading increased model complexity

for improved rejection of low-frequency noise.

Some efforts aim to make WMS “calibration-free,”

for concentration inference without separate reference

gas cells for signal normalization or empirical calibra-

tion factors [6,20]. These particular methods targeted

a dominant isolated transition and directly fit a single

collisional width to account for broadening, and avoided

multiline overlapping spectra.
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If spectrometers can fit quickly and accurately

enough in direct absorption to move the signal outside

the noisy sections of lower frequencies of the electronics

chain, WMS offers less noise reduction benefit while the

disadvantages of a complicated WMS model analysis

remain.

In direct absorption, increasing the spectral iteration

rate is the main method for moving the signal from near

DC into a frequency with a lower noise floor. However, fit-

ting quickly enough for the higher iteration rates directly

with accuracy is not a simple task. Co-adding/averaging
of spectra was therefore a necessary concession to not

overtax the computational capability of portable laser

spectroscopy embedded systems. However, noise in these

systems from pressure control, temperature stability,

and fast broadener concentration variation causes the
spectrum to lose contrast and therefore lose significant

spectral data in the averaging process.

3 Challenges and Results

The central computational challenge in real-time spec-

troscopic fitting of a useful number of spectral points

at kHz rates is the evaluation of the absorption coef-

ficient α(ν;T, p,x) at each spectral point, where x =

{x1, x2, . . . , xM} denotes the mole fractions of M molec-

ular species. A full LBL HITRAN simulation — in-

corporating all transitions within the spectral range,

line profiles, self- and cross-broadening (termed “foreign-

gas broadening” in HITRAN - this work uses “cross-

broadening” to indicate the full matrix of species-to-

species interactions) — is far too expensive for kHz-rate

embedded system hardware fitting. A discrete GPU

quickly calculated spectra in [21], but a GPU is costly

in resources when used for point sensors. This work re-

places exact forward models and hard-coded spectral ba-

sis functions limited to a specific (T, p) operational point

with a set of precomputed multi-dimensional polynomi-

als that accurately approximate the HITRAN-simulated

absorption coefficient over a wide range of the state

variables (T, p,x) to allow fast direct fitting.

This finds critical, immediate applications in high res-

olution atmospheric spectrometers that can now provide
suitable accuracy in a wide range of sample conditions,

compared to a more typical single target temperature

and single pressure operation. Furthermore, this is pos-

sible in a single moderately sized FPGA, allowing for

the possibility of spectrometers integrating these meth-

ods into a single application-specific integrated circuit

(ASIC) combined with chip-scale photonics [22].

These approximations of HITRAN Hartmann-Tran

α(ν) spectra using a low order multi-dimensional poly-

nomial provide low residual error with very fast itera-

tion. Over large simulated operational sample conditions

spanning 60K (260–320K) and 1.1 atm (0.2–1.3 atm),

error ranges from less than 2.5% α(ν)–error (rms over

a 3 wavenumber spectral range) using 8 polynomial

coefficients — down to less than 5 ppm peak relative

α(ν)–error using 15 polynomial coefficients. Over a nar-

rower 43 K (270–313 K) and 0.3 atm (0.9–1.2 atm) range,

rms α(ν)–error is less than 0.5% using 8 polynomial co-

efficients, suitable for high resolution and high accuracy

atmospheric study in the field.

This work further integrates optical fringe, temper-

ature, pressure, and concentration broadening into a

kilohertz rate spectral fit, and such capabilities can di-

rectly improve a wide variety of high precision field

applications. Because the system performs spectrum-

by-spectrum fits at high speed with all lines accounted

for in every iteration, the need for operating at reduced

sample pressures and maintaining precision temperature

control substantially relaxes; the fitter tracks T and p
as free parameters on every iteration.

This research also accelerates general least-squares

fitting and convergence of high-resolution curve fits. By
implementing a novel Levenberg–Marquardt fitter cou-

pled with Taguchi orthogonal array exploration, the fit

iterations can “jump” to new locations in the parame-

ter space without relying on the local Jacobian shape.
Furthermore, the fitting system does this without dra-

matically increasing latency or computational resource
requirements. The simulation results in Figure 3 show

accurate fitting of multiple moving model parameter

targets modulating at relatively high speed.

Additionally, this study demonstrates a method for

a dual-laser system that shows promise for dramati-

cally improving sensor network field deployed spectrom-

eters and fast chemical kinetics measurements that can

measure CH4, H2O, CO2, and N2O simultaneously at

scientifically relevant concentrations.

The simulations here model signals typical of a single

mode diode, quantum cascade, or interband cascade

laser [23], 10 meters of optical path, and noise levels

which roughly correspond to those seen in Peltier-cooled-

detector mid-infrared TDLAS of 10−4 to 10−6/
√
Hz

per spectrum absorption variation. The noise added

to the signals is uniformly distributed and does not

currently model shot noise or 1/f noise. Figure 2 shows

a simplified block diagram of the overall spectral fitting

system architecture.

The results here describe a single laser system with

16 fit parameters including: detector offset; species con-

centrations (3 parameters); etalon fringe parameters (3

par.); 5th order baseline polynomial (6 par.); temper-

ature and pressure (2 par.); and interpolation shift of

the entire spectrum (Figure 3).
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Fig. 2 Simplified block diagram of the overall spectral fitting system architecture. feed_spec streams the spectral data to
Jt_scheduler, which sends the parameters at the correct times to precalc. Precalc performs calculations reused for each spectral point.
calc_spec calculates a full spectrum for calc_JtJ to assemble data for the LM solve step and compare Taguchi OA runs. Solver then
computes the LM iteration step.

A dual system (named SYS0 and SYS1) of 29 param-

eters adds an additional set of concentrations, fringe,

polynomial, and interpolation shift. The temperature
and pressure are shared between the systems, assum-
ing collinear beam paths. Figure 4 shows the dual-

system spectrum and tracking. Figure 5 shows the dual-

system polynomial approximation fit accuracy against

Hartmann-Tran HITRAN data coupled with the poly-

nomial baselines for 6 concentration parameters. All

shown parameter traces over time (including T , p, con-

centrations, and fringe amplitudes) have some sinusoidal
modulation amplitude applied, each at a differing period

and phase.

3.1 Comparison with prior implementations

Implementations for efficient real-time spectral model-

ing fits reported in spectroscopic literature reduce the

cost of evaluating lineshapes while maintaining physical

fidelity. Common approaches include (i) precomputing

Voigt (x, y) arguments on a grid and interpolating via

third-order Taylor expansion [24], (ii) using fast rational
approximations to the complex error function (Faddeeva

function) for Voigt and speed-dependent Voigt evalua-

tion [25,26,27], and (iii) shifting portions of the spectral

processing pipeline onto dedicated real-time hardware

[28,16]. These approaches generally accelerate the evalu-

ation of individual lineshapes within a line-by-line (LBL)

framework; each spectral point still requires summing

contributions from every relevant transition. In contrast,

the all-lines polynomial approximation presented here

replaces the LBL simulation and subsequent summation
at each spectral point with low-order polynomial evalua-
tion for situations where the evaluation of a full spectral

model with full broadening should occur thousands of

times a second.

Strategies for accurate absorption coefficient estima-

tion from precomputed spectra exist for satellite based

measurements: absorption coefficient lookup tables in-

dexed by temperature, pressure, and water concentra-

tion are used in radiative transfer models such as ARTS
[29] and in OCO-2 (Orbiting Carbon Observatory) satel-

lite retrievals [30], and spectrally reduced integration

methods have been applied to further reduce the size of
data sets [31]. These approaches interpolate between the

precomputed spectra from a direct grid of (T, p, xH2O)

points. This work instead describes effective pressure

and broadening multi-line methods to account for self-

and cross-broadening developed to avoid full grid depen-

dence on xH2O, and generally x.

In [32], neural networks inferred absorption coeffi-

cients from (T, p) inputs for these satellite retrievals. In

this case, 3 hidden layers in the neural network perform

a similar function to the multi-dimensional polynomial

in this work by providing non-linearity to the model, but

do not describe taking into account cross-broadening

specifically. In general, there is latency from a hidden

neural layer which depends on results from a previous
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(a)

(b)

Fig. 3 Single system spectral fitting a) spectrum and residual (uniformly distributed intensity noise of 6 units peak-to-peak added
to the detector signal model, on a baseline of ∼5000 units, at iteration 14890), b) data tracking of simulated data and fitted parameters,
with sinusoidally varying etalon fringe amplitude (FrAmp0), pressure, temperature, and gas concentrations at differing periods. The
signals show model-truth values (blue) and fitted values (red). One iteration point is ~1.0 millisecond.
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(a)

(b)

Fig. 4 Dual-system simulation with noise and high fringe amplitude. a) Combined dual-system spectrum and residual at
the last iteration point. Uniform intensity noise of 27 units peak-to-peak is added to the detector signal model corresponding to a
per-spectrum noise level of ∼5 × 10−5/

√
Hz. b) data tracking of simulated data and fitted parameters over iterations 1000–8600.

Parameters include sinusoidally varying etalon fringe amplitudes (FrAmp0 and FrAmp1), pressure, temperature, and gas concentrations
at differing periods. The fringe amplitude level is set very high at ∼1.5% of the per-laser baseline. The signals show model-truth values
(blue) and fitted values (red). One iteration point is ~1.22 milliseconds.
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Fig. 5 Dual system fit of HITRAN data with 6 concentration parameters using dual 8 coefficient polynomial with peff
approximation at 0.3 atm and 300K showing fit accuracy to expected sample data. Uniformly distributed intensity noise of 3 units
peak-to-peak is added to the detector signal model, with zero fringe amplitude. Blue labels are dominant line positions of SYS0 and red
labels are SYS1.

neural layer. The polynomial approach instead only re-

quires simple vector multiply-accumulate with no such

dependence. The latency issues compound with the more

sophisticated neural network inference (not simple hid-
den layers) reported in [33].

On FPGA targets for laser spectroscopy, the litera-

ture focuses on real-time lock-in style demodulation and

filtering [34,35,36,37], with fitting or inference offloaded
to soft/hard processors or replaced by machine-learning

models [33]. Table 1 compares FPGA-based spectral

processing implementations against this work, including

lock-in–only systems and those that perform on-FPGA

spectral fitting.

All FPGA designs in Table 1 completed synthesis,

implementation, and timing closure at the stated iter-

ation rates in AMD Vivado 2025.1, followed by post-

implementation behavioral simulation of the fit and

post-implementation power estimation (0.8W single,

1.6 W dual).

Fit iteration results here have 1.0ms / 1.22ms la-

tency for the single and dual laser version respectively,

which enables new feedback and control capabilities such

as fast pressure modulation, T/p sensor-free systems, or

fast wide-tuning laser wavelength stabilization.

Naturally, if the application tolerates lower iteration

rates, lowering the processing clock rate reduces power

consumption proportional to frequency, with limitation

of static power consumption. An ASIC (application

specific integrated circuit) implementation generally im-

proves both power consumption and max frequency,

likely by ∼10× in each.
The computational complexity of one LM iteration

is O(n2 Lspec + n3), dominated by forming JTJ at

O(n2 Lspec) since Lspec≫n. Doubling Lspec or n roughly
doubles or quadruples the per-iteration cost, respectively.

As Table 1 shows, this work simultaneously significantly

increases both spectral length and parameter count, yet

maintains kHz iteration rates.

4 Methods for fast high accuracy fitting

4.1 Multi-dimensional polynomial absorption coefficient

fit

An approximating polynomial fit of the form

α̂m(νk;T, p) =

Jm
∑

j=1

aj,k,m · ϕj(T, p), (3)

at each discrete spectral point νk (k = 1 . . . Lspec) ap-

proximates the absorption coefficient for each molecule

m. HITRAN simulations on a (T, p) grid provide data

for the 2 dimensional polynomial fit. Here j indexes the

Jm monomial terms ϕj (e.g., 1, T , p, T 2, T · p, T 2 · p,
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Table 1 Comparison of FPGA real-time spectrometer processing implementations. Logic elements (LE) and digital signal
processing (DSP) slices reflect device compute capacity. R is iteration/spectral rate. “Params” counts simultaneously determined
parameters n. The n2Lspec ·R column gives the dominant term of the per-iteration computational complexity O(n2Lspec) multiplied
by R; dashes indicate the metric is not applicable or not reported. ∗Lock-in systems with no on-FPGA HITRAN spectral fitting.
†Lock-in with neural network inference on external processor. ‡Neural network based spectral fitting of 10 input points.

Implementation FPGA LE / DSP Lspec R Params n n2Lspec ·R
Enemali & Gibson∗ [34] XC7Z010-1 28.0k / 80 500 125 Hz 1 (xH2O) —∗

Wang et al.∗ [35] ProASIC3EL 35.0k max / — — 1 Hz 1 (xCH4
) —∗

(Photoacoustic)

Yang et al.∗ [36] XC7S50 52.2k / 120 — 20 Hz 1 (xCH4
) —∗

Choi et al.∗ [37] XC7Z020 53.2k / 220 — 10 Hz 1 (xH2O) —∗

Xia et al.† [33] XC7Z010 28.0k / 80 120 62.5 Hz 2 (T , xH2O) 3× 104†

Xu et al. [28] XC5VSX95T 14.7k / 640 150 4 kHz 1 (T ) 6× 105

(<15% used)

Schwarm et al.‡ [16] XC7K325T 326.1k / 840 10 10 kHz 2 (T , xCO) 4× 105 ‡

(<50% used)

This work (single) XCZU1CG-1 81.9k / 216 1000 1 kHz 16 2.56× 108

This work (dual) XCZU3CG-1 154.3k / 360 1000 / 821 Hz 29 6.9× 108

(983)

Fig. 6 Residual sum of squares (RSS) convergence comparison for the dual system. LM fitting with different parameter
exploration methods on similar data (independently varying injected noise) and same initial guess. The target data varies similarly to
Figure 4. The combined LM + Taguchi OA + fringe detection method escapes the local minimum near RSS ≈ 105, converging to
roughly an order of magnitude lower RSS. Fringe detection adds autocorrelation based fringe frequency estimation. Note: this is not an
Allan-Werle variance; the x-axis is simply proportional to time.

. . . ), and aj,k,m are the precomputed coefficients spe-

cific to spectral point k and molecule m. At runtime,

evaluating the polynomial reduces to a dot product of

aj,k,m with the monomial vector [ϕ1 . . . ϕNm
]. Species

concentration mole fractions x enter via two stages: first,

an effective pressure correction (Eq. 9) uses x to restore
the correct Lorentzian broadening line shape for each

molecule; then, Beer–Lambert transmission calculations

occur from the summation of corrected per-molecule

absorption coefficients scaled by mole fraction.

The polynomial at each νk captures contributions

from all transition lines whose wings extend into that

spectral channel — potentially hundreds to thousands

of spectral lines. Figure 7 illustrates the polynomial

approximation of the HITRAN absorption coefficient at
a single spectral point within a scan.
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Fig. 7 Polynomial approximation of Voigt HITRAN absorption coefficient at a single spectral point. (a) HITRAN
simulation of the CH4 absorption coefficient at ν = 2988.903 cm−1 over the (T, p) operating grid. (b) Multi-dimensional polynomial
approximation at the same spectral point, approximating the surface with a compact set of 8 precomputed coefficients. (c) CH4

absorption spectrum showing the full spectral range; the arrow indicates the wavenumber point of the surfaces in (a) and (b).

The total simulated absorption coefficient spectrum

is then:

α̂total(νk) =
∑

m

xm · α̂m,corrected(νk;T, p). (4)

This formulation has several key advantages for real-

time hardware: (i) evaluation at each spectral point

reduces to a dot product of precomputed coefficients

with the monomial vector, which maps efficiently onto

DSP (digital signal processor) multiply-accumulate ar-

chitectures; (ii) the continuous polynomial surface is

inexpensive to re-evaluate, so the Jacobian is efficiently

computed by finite differences of the full spectral model.

Each parameter perturbs by a small step h in smooth

finite differences methods, avoiding the cost and dis-

continuities across grid-spaced interpolation in direct
tabulated lookup approaches; and (iii) a balance of ac-

curacy versus resource usage is possible by tailoring the
polynomial order and included terms.

4.1.1 Separation of concentration and broadening

temperature dependence from the (T, p) grid

An obstacle to obtaining simple low-order polynomial

fits in (T, p) is that the Doppler and Lorentzian compo-

nents must convolve to produce the Voigt line shape (the

dominant spectral effects). There are additional effects

from self- and cross-broadening that further depend on

concentration. Doppler half-width scales as γD ∝
√
T ,

while the full Lorentzian half-width for molecule m in a
gas mixture is:
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γL,m(T, p,x) =

[

γair,m · xair ·
[

Tref

T

]nair,m

+ γself,m · xm ·
[

Tref

T

]nself,m

+ γH2O,m · xH2O ·
[

Tref

T

]nH2O,m

+
∑

b

γb,m · xb ·
[

Tref

T

]nb,m
]

· p, (5)

where γair,m, γself,m, γH2O,m, γb,m are HITRAN-

tabulated broadening half-widths at reference tempera-

ture Tref = 296K for air-, self-, H2O cross-, and other

broadening species respectively, nair,m, nself,m, nH2O,m,

nb,m are the corresponding temperature exponents, and

xi are the mole fractions (concentration) of each broad-

ening component. The line intensity S(T ) also further

depends on T .

Convolution is a fairly expensive operation, but it
is necessary to combine γD(T ) and γL,m(T, p,x) into

the line shape. On first inspection, the operation resists

separation into isolated T , p, and x effects without post-

convolution. In particular, the Lorentzian width in Eq. 5

couples all three effects through multiple distinct tem-

perature exponents (nair, nH2O, etc.) and broadening

coefficients (γair, γH2O, etc.). A polynomial in (T, p,x)

that attempts to capture this fully coupled dependence

directly requires high-order cross-terms — especially

for the x-based dimensions — to represent the nonlin-

ear (Tref/T )
ni factors for each broadener, dramatically

increasing the number of polynomial terms.

This is addressed by building a simplified precompu-

tation grid that deliberately uses air as the sole broad-
ening partner and fixes the broadening temperature

at Tbroad = Tref = 296K. This reduces the Lorentzian

width to γL,split,m = γair,m p, which depends on pressure

alone. The Doppler width and line intensity retain actual
T (mmol is the molecular mass, kB is the Boltzmann

constant):

γD,m =

√

2kBT ln 2

mmolc2
· ν0 (actual T ), (6)

γL,split,m(p) = γair,m · p (air-only, frozen at Tref). (7)

The polynomial at each spectral point therefore rep-

resents only the (T, p) dependence (through N , S, γD,

and γL,split); the x dimensions and the per-broadener

(Tref/T )
ni factors are removed from the grid, so low-

order 2-dimensional polynomial terms capture the re-
maining smooth surface adequately.

The linearity of the Lorentzian width in p allows com-

pensating for this simplification. The true width (Eq. 5)

and the split width (Eq. 7) are both strictly proportional
to p, so their ratio is independent of pressure:

γL,m(T, p,x)

γL,split,m(p)
=

∑

i

γi,m
γair,m

·xi ·
[

Tref

T

]ni

≡ ηm(T,x). (8)

Because p cancels, defining an effective pressure

peff,m = ηm · p (9)

and evaluating the split model polynomial at peff,m

reproduces the true Lorentzian width of a single line.

Each line within and adjacent to the spectrometer tun-

ing range has its own broadening ratios and exponents,

so a single per-molecule ηm built from weighted-average

parameters (Sec. 4.1.3) closely reproduces the widths,

with residual error set by the line-to-line spread of these

parameters. The ηm ratio thus allows restoration of

the majority of relevant missing physics without requir-

ing a real-time convolution — self-broadening, cross-
broadening by H2O (and other species if available), and

the (Tref/T )
ni temperature dependence; an associated

pressure-shift residual is also addressed in Sec. 4.1.4.

4.1.2 Per-molecule effective pressure correction

derivation

The effective pressure peff,m method (Eq. 9) thus allows

recovery of more accurate Lorentzian line widths for the
target gas mixture in a simple manner; Sec. 4.1.3 gives

a compact hardware form of ηm using per-broadener
correction functions ci(T ).

Evaluating the split polynomial at peff,m instead

of the actual physical pressure p causes the simplified

width γL,split,m = γair,m peff,m to match (exactly for a

single line, approximately for weighted-average param-

eters) the full mixture-broadened width γL,m(T, p,x)

(Eq. 5), thereby producing a spectrum with the correct

line shape. However, because the absorption coefficient

depends on the number density N = p/(kBT ), evaluat-

ing the polynomial at peff,m also scales the absorption

magnitude by ηm. The corrected absorption coefficient

is therefore:

αm,corrected(ν)
⃓

⃓

p
=

αm,split(ν; peff,m)

ηm
(10)

which restores the true number density N while preserv-

ing the line shape.

A per-molecule treatment is essential for two rea-

sons. First, the broadening parameter ratios differ

across species: for H2O in the regions simulated here,

γself/γair ≈ 4 − 7, so H2O’s effective pressure is domi-

nated by self-broadening, whereas CH4 is 1.3− 1.6 and

predominantly air-broadened — but also experiences
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H2O cross-broadening through γH2O parameters. Sec-

ond, ηm depends on the full concentration vector x —

on xm through self-broadening, on xH2O and xb through

cross-broadening, and on all of them through xair — so

a change in any species’ concentration (e.g., H2O) alters

every molecule’s effective pressure and contributes to

the Jacobian terms ∂α̂m/∂xi. Self-broadening has less

effect for trace target species; however, cross-broadening

by major variable constituents (e.g., percent-level H2O)

remains significant. With the methods described here,

the reduced computational complexity allows inclusion
of multi-species cross-broadening generally and expands

the potential application space. Figure 8 validates the

polynomial at off-grid (T, p) points, and Figure 10

compares the 8-coefficient polynomial against the full
Hartmann-Tran simulation.

4.1.3 Fit c(T ) correction factors and weighted-average

broadening parameters

The effective pressure correction factor ηm (Eq. 8) rewrit-

ten compactly using broadener-specific correction func-

tions ci(T ) allows:

ηm = 1 +
∑

i

ci(T ) · xi, (11)

where the sum runs over all broadening species i (i.e.

air, self, H2O, ...), and

ci(T ) =
γi,m
γair,m

·
[

Tref

T

]ni,m

− 1. (12)

Hence, cair(T ) = (Tref/T )
nair − 1 captures the temper-

ature dependence of the Lorentzian width due to air

removed by the split.

Over moderate temperature ranges, a linear function

closely approximates ci(T ) for each molecule:

ci(T ) ≈ ca,i + cb,i · T, (13)

where ca,i and cb,i are least-squares fit to ci(T ). This lin-

earization enables computation of the effective pressure

in real-time hardware. The coefficient of determination

R2 of the linear fit is typically > 0.995 over 60 K (Fig. 9).

In cases of extended temperature ranges and stronger

concentration broadening behavior, other approxima-

tions (e.g., piecewise linear, polynomial) provide more

accuracy.

Each individual spectral line has its own broadening

parameters: (γair, nair, γself , nself , γH2O, nH2O, ...). To

simplify here, the peff correction uses a single represen-

tative set per molecule. These representative values are

weighted averages over all lines within the spectral range

— for a nair example:

nair,m =

∑

ℓ wℓ nair,ℓ
∑

ℓ wℓ

, wℓ = Sℓ · γair,ℓ, (14)

where Sℓ is the line intensity and γair,ℓ is the air-

broadening half-width of line ℓ. The weighting by wℓ

ensures that stronger, broader lines — which dominate

the absorption signal — contribute proportionally more

to the effective temperature exponent.

For gas sample constituent matrices that deviate sig-

nificantly from standard atmospheric abundance — such

as combustion exhaust [38], industrial process streams,

human breath samples, or planetary atmospheres —

broadening by species other than air and H2O becomes

especially significant, particularly CO2. O2 and N2 may

also require separate broadening coefficients compared

to a single combined air-broadening coefficient. When

spectral databases do not provide the relevant broad-

ening coefficients for these combinations, experimental

measurements may fill in the required gaps.

4.1.4 Other issues

The precomputation of polynomial coefficients requires

evaluating the full HITRAN LBL simulation at every

(T, p) grid point for every spectral point. This work

uses HITRAN HAPI [40] for the simulations. Speedup

using other simulation methods is possible, but this work

preferentially uses HAPI for calculating line shapes [39]

as ground truth.

Minimax L∞ approximation at each point also re-

duces the maximum residual for the absorption coeffi-
cient polynomial representation and allows reweighting

to target certain operational (T, p), at a cost of overall

rms [41]. The largest α errors typically occur at line

peaks, where the absorption signal and the leverage on

concentration fit is intensified; thus, the maximum resid-

ual is typically more significant to the spectral model

than rms, so L∞ usually improves results.

Independent grouping of isotopologues of molecular

species allows for isotope-ratio measurements [42]. This

is an application which benefits strongly from high ac-

curacy because the intensity ratio of isotopologue lines

with differing lower-state energies depends strongly on

temperature within a typical DFB (distributed feedback)

diode laser’s wavelength range of a few wavenumbers
[13].

Other approximations for the absorption coefficient

(including rational approximations, fractional and neg-

ative exponents, or those that include transcendental

functions) also improve representational accuracy, but
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Fig. 8 Off-grid validation. Simulation at off grid (T, p) points for an example 8-coefficient minimax polynomial targeting 270-313K
and 0.9-1.2 atm.

Fig. 9 Linear c(T ) approximation. Linear fit of a sample correction function c(T ) (Eq. 13) over an operating temperature range of
60 K.

for architectural simplicity, speed, and minimal hard-

ware resource usage a standard polynomial form provides

performance benefits.

The (T, p) grid precomputation may also account for

light source spectral line shape if available by using built-
in instrumental line shape convolution in the HITRAN

HAPI simulations or manual convolution.

The polynomial approach here inherits slight ac-

curacy loss mechanisms arising from weighted-average

approximations for peff . The use of a weighted-average

ni and γi means imperfect correction of an individual

line’s temperature exponents which vary line-to-line.

In addition to broadening, pressure effects cause a

shift in the line center frequency: ν0(p) = ν0,ref + δair p,

where δair is the HITRAN pressure-shift coefficient. The

polynomial approximation absorbs the majority of these
induced shifts into its per-spectral-point coefficients,

since the precomputation grid spans the full (T, p) range

and the polynomial at each ν fits that calculated ab-

sorption profile.

For the peff correction, the use of peff ≠ p introduces

a small spurious frequency shift δair · (peff − p), with δair
data available in HITRAN. A precomputed weighted-

average pressure-shift coefficient δair per molecule (anal-
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Fig. 10 Polynomial approximation vs. full Hartmann-Tran (SDV/HT) HITRAN simulation. Comparison of the 8-coefficient
polynomial approximation with peff correction for 3 molecules against the full Hartmann-Tran [39] HITRAN simulation with self- and
cross-broadening. Top: combined absorption coefficient. Dashed lines are the per-species HITRAN+SDV/HT contributions; dotted
lines are the peff -corrected polynomial approximations. Bottom: residual, with an RMS of 1.72 × 10−7 cm−1 and a maximum of
1.21× 10−6 cm−1. The averaged normalized error is 1.17× 10−2 [cm−1/cm−1] across the spectrum.

ogous to the weighted-average broadening parameters)

allows shifting that molecule’s peff -evaluated spectrum

back by δair · (peff − p) wavenumbers to compensate.

Because the shift coefficient varies line-to-line, the

weighted-average correction is imperfect for individual

lines (similar to c(T ) use of weighted-average values),

but still typically improves overall accuracy.

These corrections are comparatively small. In criti-

cal accuracy applications which include a larger number

of polynomial terms, these corrections become signifi-

cant to lower overall error. An overall spectral shift as

a fit parameter compensates for this effect to a small

extent if all the lines shift in generally the same di-

rection; however, this may skew any laser wavelength

stabilization feedback. There is also a δself parameter

affected by concentration but that effect is even smaller

in comparison.

4.1.5 Extensions to additional physical effects

The polynomial precomputation framework can extend

beyond the standard HITRAN absorption model. If the

underlying simulation incorporates additional physics —

Zeeman splitting in the presence of an external magnetic

field [43], Stark effects from electric fields, polarization-

dependent absorption, dispersion, or even wavelength

modulation spectroscopy (WMS) signals — a similar

multi-dimensional polynomial fitting procedure can ap-

ply. The simulations (or experiments) include the addi-

tional physical parameters as another dimension if they

vary during measurement (e.g., magnetic field strength

B, modulation depth) alongside T and p, and the polyno-

mial extends accordingly (e.g., ϕj(T, p,B)). The polyno-

mial coefficients then encode the combined dependence
on all parameters, enabling real-time evaluation of these

more complicated spectral models.

4.1.6 Rank reduction and composition input axis

Standard rank reduction (via principal component anal-

ysis (PCA) or singular value decomposition (SVD)) al-

lows for more efficient higher dimensional coefficient

storage, requiring decompression of the spectrum from

a real-time set of transformed (T, p) and optional x in-

puts. The compression and reconstruction allows use of

a higher number of polynomial input terms of T and

p, improving the surface representation while allowing

the rank reduction to discard basis directions with little

effect on accuracy.

An “effective broadening” method similar to peff can

combine the concentration dependence of the individual
self- and cross-broadening molecules into a composition

input axis Dm for each absorbing molecule m (as op-

posed to an individual input axis for each gas mixture
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molecule):

Dm =
∑

i

xi ·
(

γi,m(T )

γair,m(T )
− 1

)

, (15)

where the sum runs over the non-air broadening species

i (self, H2O, . . . ) with mole fractions xi, and γi,m(T ) =

γi,m · (Tref/T )
ni,m uses the weighted-average broadening

parameters of Eq. 14. Dm is the fractional change in

m’s average collisional line width caused by the gas

composition difference from air.

Comparing this to existing approaches in literature,

one method tabulates a single species’ mole fraction

as a direct lookup axis [29]; and another method fits

an isolated transition’s collisional width [6]. Here, Dm

collapses all broadeners for all lines into one polynomial

input axis with precomputed coefficients.

Accordingly, the precomputation grid adds simula-

tions of mixtures spanning the expected range of Dm.

This adds Dm to an expanded multidimensional polyno-

mial ϕj(T, p,Dm) which represents the grid dependence

on mole fraction. Unlike the peff correction, the weighted-

average parameters here only provide an input axis, so

the fit itself captures line-to-line differences in broaden-

ing. A single broadening input axis loses no information

when only one broadener varies significantly in concen-

tration; when several vary (as in situations with elevated

levels of CO2 and H2O), it is an approximation; addi-

tional optional input axes of individual terms of Eq. 15

can improve accuracy further.

Regardless of inclusion of these additional axes D,

the polynomial in (T, p) with broadening compensation

remains a useful method for accurate, quickly calculated

representation of the grid surfaces. The rank reduction

offsets any resulting growth in the number of polynomial

terms in cases needing the highest accuracy.

Figure 11 shows the resulting accuracy of a 15-

coefficient SVD rank-reduced representation over a mul-

tidimensional (T, p,Dm) grid for the same mixture as

Figure 10.

4.2 LM Taguchi OA fitting with RSS-scaled

perturbation

This manuscript further presents a novel combination

of Levenberg–Marquardt (LM) with Taguchi orthogonal

array (OA) parameter space exploration for curve fitting.

Taguchi OAs [44] (and other arrays such as Plackett–

Burman [45]) find use in optimization of physical indus-

trial processes to determine the effects of changing a

variety of parameters and identify a final combination

that improves a predetermined signal-to-noise ratio with

minimized number of experiments.

In this work, each Taguchi run r perturbs multiple

parameters simultaneously to explore the parameter

space, each with a tunable per-parameter perturbation

magnitude κi. This allows the LM fit to escape local

minima, since the Taguchi exploration discovers the

optimum direction of a large coordinated jump across

all perturbed parameters — mostly unrelated to the

LM iteration parameter change, which depends on the

Jacobian shape and only accounts for highly localized

parameter behavior.

In run r, si,r is the Taguchi perturbation direction

that row r of the orthogonal array assigns to parameter

βi. The perturbation applied to βi during that run is

∆tagβi,r = κi · si,r · g(RSS), (16)

where g(RSS) is a function that adapts to the residual

sum of squares (RSS), related to χ2, scaling the pertur-
bation according to the RSS magnitude. At smaller RSS

the jumps are shorter since the parameters should be

closer to their optimal values.

This ensures stable perturbation magnitudes across a

wide dynamic range of RSS and minimal resource usage.
The winning direction for each parameter minimizes

the sum of RSS values over all specific Taguchi runs in

which that parameter takes a specific direction:

s∗i = argmin
si

∑

r : si,r=si

RSSr. (17)

The fitter assembles the optimum Taguchi parameter

set from the winning directions applied to the current

base parameters:

βopt,i = βbase,i + κi · s∗i · g(RSS). (18)

The fitter then accepts whichever of the Taguchi candi-

date βopt and the LM step yields the lower RSS. Ad-

ditional optimizations are possible such as parameter

perturbation scaling by a fraction or multiple of the

current value, scaling based on recent success of a pa-
rameter, or adding randomness to the perturbation —

at a cost of compute resources.

The combined LM+OA+RSS scaled system con-

verges quickly toward minima while retaining the ability

to escape local minima traps.

Removing the Taguchi OA optimization immediately

frees computing resources for 1 kHz operation in the dual
laser system; however, 0.82 kHz operation with Taguchi

OA avoids local minima and reaches roughly an order

of magnitude lower RSS (Fig. 6).
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Fig. 11 Rank-reduced approximation vs. full Hartmann-Tran (SDV/HT) HITRAN simulation. Comparison of the rank-
reduced 15-coefficient polynomial approximation over a multidimensional (T, p,Dm) grid for 3 molecules against the full Hartmann-Tran
[39] HITRAN simulation with self- and cross-broadening. The model combines the pressure p with the composition input axis Dm

(Eq. 15) instead of the peff correction. Top: combined absorption coefficient. Dashed lines are the per-species HITRAN+SDV/HT
contributions. Bottom: residual, with an RMS of 5.30× 10−10 cm−1 and a maximum of 1.52× 10−9 cm−1. The averaged normalized
error is 3.56× 10−5 [cm−1/cm−1] across the spectrum.

4.3 Simultaneous dual-laser single-detector architecture

Another contribution of this work is a simultaneous

dual-laser single-detector spectrometer architecture that

does not require time-division multiplexing. Two lasers

operating at different wavelength ranges (e.g., 3.3µm

and 4.5µm) illuminate a single detector (or multiple

detectors with electronically summed signals if photonic

mixing creates excessive interference), and both scan

wavelength simultaneously. The fast spectral fitting de-

scribed here specifically enables the separation of the

combined signal in the digital domain by allowing dis-

crimination of co-prime spectral lengths as a form of

phase-sensitive detection.

4.3.1 Co-prime spectral lengths and signal separation

In TDLAS, sawtooth current ramps cause sweeps of

laser wavelength across the spectral range. Here, two

lasers scan at co-prime spectral lengths L1 = 1000 and

L2 = 983 (i.e., gcd(L1, L2) = 1), which also set the

lengths of the current control waveforms. Because the

spectral lengths are co-prime, the lasers’ sweep pattern

repeats only after L1 × L2 samples, ensuring no per-

sistent alignment between the two spectra. Both lasers

contribute to every detector sample (with independent

specific laser-off offset measurement periods); the fitter
separates them by jointly fitting the sum of the two

spectral models. The speed of spectral fit processing

allows the system to avoid co-adding of the spectra —

which would not align due to the co-prime lengths.

4.3.2 Reverse ramp for baseline isolation

To further prevent the polynomial baseline models of

the two lasers from interacting, one laser may be driven

with a forward (increasing) current ramp while the other
is driven with a reverse (decreasing) current ramp. Since

the polynomial baseline captures the laser’s intensity-

versus-current characteristic, the forward ramp produces

a mostly positive slope while the reverse ramp produces

a mostly negative slope. This opposite monotonicity

provides additional isolation of the two baseline models.

Noise from the two light sources will mix, but field-

deployed TDLAS systems typically show noise issues

dominated by either (i) detector noise, (ii) fringes which

are coherent with each spectrum, or (iii) technical noise
from pressure and temperature variation. Figure 12

illustrates the co-prime spectral alignment and reverse-

ramp structure of the dual-laser system. Figures 4 and

5 use this configuration.

5 Conclusion

This work integrates several major changes to the stan-
dard methodology for real-time gas-phase laser spectro-



Spectral fits with full broadening for kHz-iteration high-accuracy gas-phase spectroscopy 17

Fig. 12 Dual-spectrum co-prime alignment. The two laser spectra (spec0 forward ramp, spec1 reverse ramp) and their combined
single-detector signal, showing the interleaved co-prime spectral lengths and opposite ramp directions.

scopic analysis. First, precomputed multi-dimensional

polynomials based on inputs related to T and p approx-

imate all-lines line-by-line HITRAN simulations at each
spectral point, reducing absorption coefficient evalua-

tion to a single vector multiply-accumulate operation

per molecule per point while maintaining percent-level

to ppm-level fidelity across wide temperature and pres-

sure ranges. Second, effective pressure and broadening

correction (peff , Dm) methods recover mixture self- and
cross-broadening of the full gas matrix, which many field

spectrometers omit. Third, the Levenberg–Marquardt

fitting solver augmented with Taguchi orthogonal ar-

ray exploration and RSS-scaled perturbation acceler-

ates convergence and escapes local minima that trap
conventional LM solvers. Fourth, a co-prime dual-laser

single-detector architecture can fit six concentration
parameters simultaneously at 0.82 kHz on a single mid-

range FPGA consuming 1.6 W simulated computational

power for the fit systems. All configurations (single and

dual laser, with and without Taguchi OA, for the 8-

and 15-coefficient polynomial models, with and without

rank reduction) completed post-implementation timing

closure, power estimation, and behavioral simulation

in AMD Vivado 2025.1 at the stated iteration rates on

the devices listed in Table 1. Together, these methods

enable orders of magnitude higher speed direct absorp-

tion fitting of 1000-point spectra — with simultaneous
temperature, pressure, etalon fringe, and multi-species

concentration retrieval — at millisecond latency. This

opens routes to vastly improved field-portable, battery-

powered high-accuracy spectroscopic sensing.
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