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Atomic Data in Radiative Transfer

Atomic structure data is essential to radiative transfer (RT) simu-
lations, dictating ionization state distributions, level populations,
and bound-type photon interactions. Multiwavelength RT mod-
els are only as accurate as their atomic data, since spectral feature
strengths and locations depend critically on atomic structure.

While precise atomic structure calculations have been performed
for many elements in Periods 1-4, comparatively little progress has
been made in heavier metals, with lanthanides (Z = 57 ↔ 70)
proving particularly difficult. While some energy levels & transi-
tions have been accurately determined through experimentation
[7], these datasets are too incomplete for RT applications. Purely
theoretical calculations are commonly substituted despite their in-
consistency with experimental data [4, 5, 9]. The absence of phys-
ically consistent, complete atomic structure calculations is a cause
of major uncertainty in RT modeling of these heavy metal plasmas
[1].

30 40 50 60 70
Z

2.0

1.5

1.0

0.5

0.0

0.5

1.0

1.5

2.0

E 
(e

V)

I=1
I=2

I=3
I=4

Figure 1. Mean energy corrections applied for
each ion. Error bars denote the standard
deviation of the corrections in all J, π groups for
each ion.

To yield more phys-
ical RT results, we
merge the atomic
structure calcula-
tions of Flörs et al.
[3] (Z = 57 ↔ 70)
with those of
Tanaka et al. [9]
(Z = 31 ↔ 70).
Flörs et al. [3] have
calibrated their
results to experi-
mental data, while
the calculations of
Tanaka et al. [9] are
purely theoretical.
Similarly to Flörs et
al. [3], we calibrate
the Tanaka et al.

[9] structures by manually associating theoretical energy levels
with experimentally determined levels in matching J, π groups.
Unmatched levels are offset by the mean energy change of paired
levels in the same J, π group. Mean energy corrections for each ion
are shown in Figure 1. We find a mean correction of +0.13±0.31 eV
among all elements considered in our calibration. Results vary
significantly both between ions and within each ion’s J, π groups.

Radiative Transfer in Kilonovae

Kilonovae (KNe) are electromagnetic transients powered by the ra-
dioactive decay of freshly synthesized rapid neutron capture (r-
process) elements, typically arising from binary neutron star merg-
ers. They are the only confirmed natural r-process site in the uni-
verse. Understanding KN physics and their r-process yields is there-
fore instrumental in tracing the origins of heavy metals.

KN ejecta is highly opaque due to the numerous bound-bound tran-
sitions caused by heavy metals. Accurate atomic structure calcu-
lations are therefore essential in physically consistent KN models.
Brethauer et al. [1] showed uncertainty in heavy-metal atomic struc-
ture produces significantly divergent KN emission, with lanthanide
mass uncertainties spanning over an order of magnitude. With our
calibrated atomic data, we hope to provide a physically motivated
improvement upon these uncalibrated emission models.

Radiative Transferwith Calibrated Atomic Data

To quantify the effects of our calibration on our model KN emission,
we computed two comparison models with fiducial ejecta parame-
ters vc = 0.1c, Mej = 10−2M�, Xlan = 10−2 using the explicit Monte
Carlo RT code SEDONA [6]. Our calibrated ejecta displays increased
opacities by a factor of ∼ 2 throughout most of the radius, reaching
∼ 4.5 in the inner regions at early times (Figure 2). Our calibrated
model spectra show a bolometric dimming of ∼ 35% and mean red-
ward shift of ∼ 0.2 µm likely caused by the increased opacity.
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Figure 2. Upper left panel: Relative Planck mean opacities & electron
number densities for our KN models at t + 2 d. Upper right panel:
Spectral comparison of our KN models at t + 2 d. Lower panel:
Bolometric light curves of our KN models.

Parallel Line Identification I: Spectrum Normalization

KN spectra are feature-rich, making it difficult to define a meaning-
ful continuum. A similar issue persists in the study of Type Ia su-
pernovae, the spectra of which are often dominated by line profiles.
Prior work shows that à trous stationary wavelet transforms (SWTs)
aid feature extraction, since the common ejecta velocity broadens
nearly all features to a similar scale [10]. We therefore adopt an
SWT-based normalization methodology. We show the signal sn(λ)
and wavelet scales wn(λ) for a spectrum [8] of AT2017gfo taken at
t + 4.4 d in Figure 3. We define our continuum as the partial sum-
mation sN(λ) + ∑N

n=M wn(λ), for some chosen cutoff scale M .
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Figure 3. Upper left panel: Wavelet scales 1 ↔ 5. These scales contain
noise features. Upper right panel: Wavelet scales 6 ↔ 9. These scales
contain information on midrange scales that can contain spectral
features we wish to extract. Lower left panel: Wavelet scales 10 ↔ 12.
These scales contain large-scale features that characterize the overall
spectral geometry. Lower right panel: Sums of the final convolved
signal and wavelet scales of different orders. As smaller-scale wavelet
scales are included, the sum converges to the original signal.

Parallel Line Identification II: Elemental Atmospheres

Directly fitting KN observations with variable composition models is
computationally intractable, as the parameter space is far too large
to sample effectively. To approximately explore this space, we de-
velop a linear modeling process. For elements Z = 31 ↔ 70, we
have computed single-element KN models with the fiducial ejecta
parameters. We treat each model’s normalized spectrum at a given
phase as a basis vector in spectral space. Taking the system as linear,
this problem can be cast as a non-negative least squares optimiza-
tion. We show the solution of our linear model given a spectrum of
AT2017gfo at t+4.4 d in Figure 4. We discard wavelet scales 1 ↔ 6
as noise/small scale details and take scales 10 ↔ 12 as part of our
continuum, leaving scales 7 ↔ 9 as our features.

40 50 60 70
Z

0.0

0.2

0.4

X Z

Pm

CeSr
Nb

Mo
0.2

0.0

0.2

No
rm

. L
um

in
os

ityLinear Model
17gfo, 4.4 d

0.5 1.0 1.5 2.0
0.25

0.00

0.25

0.50

No
rm

. L
um

in
os

ity Pm
Ce
Sr

Nb
Mo

0.5 1.0 1.5 2.0

0.5

1.0

Lu
m

. (
10

37
er

gs
1 )

Observed Spectrum
Continuum

Wavelength ( m)

Figure 4. Upper panel: Elemental weights for our fitted fiducial
elemental atmosphere model. Upper center panel: Comparison of the
normalized linear model & observed spectra. Center lower panel: Top
five elemental components of the linear model. Lower panel: The
observed spectrum & the corresponding continuum.

Our linear model captures all primary spectral features despite us-
ing only a subset of the elemental atmospheres. The decomposi-
tion clearly shows that the four primary spectral features can be
reproduced with combinations of Pm, Ce, Sr, Nb, and Mo. Although
our linear model is not physical on its own - and the relationship
between model coefficients and composition is likely nontrivial - it
identifies key elements whose abundances can be varied in an in-
formed sampling of parameter space with SEDONA.

FutureWork

Currently, our models are LTE, limiting our approximations to early
times when the ejecta is warm and dense. At nebular times & 14 d,
this assumption quickly breaks down and NLTE effects must be con-
sidered. We plan to use quasi-NLTE modeling techniques [2] to
account for nonthermal ionization. Future work will execute an in-
formed sampling of composition space and evaluate the accuracy
of our linear modeling.
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