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Abstract

We report the first upper limits on the power spectrum of 21 cm fluctuations during the Epoch of Reionization and
Cosmic Dawn from Phase II of the Hydrogen Epoch of Reionization Array (HERA) experiment. HERA Phase II
constitutes several significant improvements in the signal chain compared to Phase I, most notably resulting in
expanded frequency bandwidth, from 50–250MHz. In these first upper limits, we investigate a small two-week
subset of the available Phase II observations, with a focus on identifying new systematic characteristics of the
instrument, and establishing an analysis pipeline to account for them. We report 2σ upper limits in eight spectral
bands, spanning 5.6� z � 24.4 that are consistent with thermal noise at the 2σ level for k ≳ 0.6–0.9 hMpc−1

(band dependent). Our tightest limit during Cosmic Dawn (z > 12) is 1.13 × 106 mK2 at (k = 0.55 hMpc−1,
z = 16.78), and during the EoR (5.5 < z < 12), it is 1.78 × 103 mK2 at (k = 0.70 hMpc−1, z = 7.05). We find that
mutual coupling has become our dominant systematic, leaking foreground power that strongly contaminates the
low-k modes, resulting in the loss of modes from k = 0.35 to 0.55 compared to Phase I data.

Unified Astronomy Thesaurus concepts: Reionization (1383); Galaxy formation (595); Radio astronomy (1338);
Astronomy data analysis (1858); Radio interferometers (1345)

1. Introduction

Observations of the redshifted 21 cm spectral line of neutral
hydrogen (H I) have great potential to inform us about key
physical processes throughout cosmic history: from the Dark
Ages (A. Loeb 2006) and Cosmic Dawn (S. R. Furlanetto
et al. 2006), through the Epoch of Reionization (A. Mesinger
2016) and into the post-reionization Universe (M. Amiri et al.
2023). In the pre-reionization Universe, the line is sensitive to
both cosmological and astrophysical processes, including the
assembly of cosmic structure, the birth of the first stars, and
the growth of the first galaxies, through its dependence on the
local density and thermal conditions of the intergalactic
medium (IGM; S. R. Furlanetto et al. 2006; A. Mesinger
et al. 2010). By measuring angular and line-of-sight fluctua-
tions in the 21 cm brightness temperature with respect to the
cosmic microwave background (CMB), we gain access to
information about the underlying sources of heating and
ionization, and may be able to precisely constrain properties of
these sources (Y. Mao et al. 2008; A. H. Patil et al. 2014;
J. C. Pober et al. 2014; B. Greig & A. Mesinger 2015; A. Liu
& A. R. Parsons 2016; N. S. Kern et al. 2017; J. B. Muñoz
et al. 2018). For reviews of the physics of the 21 cm line and
its applications, see, e.g., B. Ciardi & A. Ferrara (2005),
S. R. Furlanetto et al. (2006), M. F. Morales & J. S. B. Wyithe
(2010), J. R. Pritchard & A. Loeb (2012), A. Mesinger (2016),
and A. Liu & J. R. Shaw (2020).
Detection of the cosmological redshifted 21 cm line is

possible with low-frequency radio telescopes operating at
frequencies between 10 and 1420MHz. In particular, the
frequency range 47–234MHz corresponds to z = 5.1–29.3,
encompassing Cosmic Dawn and Reionization. Several experi-
ments—past, present, and upcoming—have been built to
observe the 21 cm signal from the Epoch of Reionization and
beyond over the past two decades. These experiments can be
categorized into two types. Interferometers measure the spatial
fluctuations of the 21 cm signal, commonly summarized by the
spherically averaged power spectrum ( )k21

2 . Such experiments
have placed increasingly stringent upper limits on this quantity.
This includes completed experiments, such as the Giant Meter
Wave Radio Telescope (G. Paciga et al. 2011) and the Donald
C. Backer Precision Array for Probing the EoR (PAPER;
A. R. Parsons et al. 2010, 2014; C. Cheng et al. 2018;
M. Kolopanis et al. 2019). It also includes several ongoing
experiments, such as the Low Frequency Array (LOFAR;
M. P. van Haarlem et al. 2013; A. H. Patil et al. 2017;

B. K. Gehlot et al. 2018; F. G. Mertens et al. 2020, 2025;
A. Acharya et al. 2024), the Murchison Widefield Array
(MWA; S. J. Tingay et al. 2013; J. S. Dillon et al. 2014, 2015;
A. P. Beardsley et al. 2016; A. Ewall-Wice et al. 2016;
D. C. Jacobs et al. 2016; N. Barry et al. 2019; W. Li et al. 2019;
C. M. Trott et al. 2020; M. Rahimi et al. 2021; S. Yoshiura
et al. 2021; M. Kolopanis et al. 2023; M. J. Wilensky et al.
2023; C. D. Nunhokee et al. 2025), the Long-Wavelength Array
(LWA; M. W. Eastwood et al. 2019; H. Garsden et al. 2021),
the Upgraded Giant Metrewave Ratio Telescope (Y. Gupta
et al. 2017; S. Chatterjee & S. Bharadwaj 2019), the Nancay
Upgrading LOFAR experiment (P. Zarka et al. 2012; S. Munshi
et al. 2024; S. Munshi et al. 2025a), and the Hydrogen Epoch of
Reionization Array (HERA; D. R. DeBoer et al. 2017;
Z. Abdurashidova et al. 2022; T. H. C. Z. Abdurashidova
et al. 2023). Future experiments include the Square Kilometer
Array (P. Dewdney et al. 2016) and LOFAR 2.0 (E. Orrú
et al. 2024).
In addition to these interferometric experiments, a number of

single-antenna experiments that measure the sky-averaged
21 cm temperature as a function of frequency/redshift (the
“global signal”) have been constructed. Notably, the Experiment
to Detect the Global Eor Signature (EDGES; A. E. E. Rogers &
J. D. Bowman 2012) has claimed a detection of 21 cm
absorption during Cosmic Dawn (J. D. Bowman et al. 2018),
though the amplitude and profile of the absorption feature are
difficult to account for under standard astrophysical and
cosmological scenarios, requiring either cooling of the IGM
below the adiabatic limit (R. Barkana et al. 2018; J. B. Muñoz &
A. Loeb 2018), a high-redshift radio background in excess of
the CMB (A. Ewall-Wice et al. 2018; C. Feng & G. Holder
2018; A. Fialkov & R. Barkana 2019; J. Mirocha &
S. R. Furlanetto 2019), or an unmodeled systematic contam-
inating the data analysis (R. Hills et al. 2018; R. F. Bradley
et al. 2019; S. Singh & R. Subrahmanyan 2019; P. H. Sims &
J. C. Pober 2020; S. G. Murray et al. 2022; J. Cang et al. 2024).
Other experiments that have published global signal data
include the Large-Aperture Experiment to Detect the Dark
Ages (D. C. Price et al. 2018), the Broadband Instrument for
Global Hydrogen Reionization (M. Sokolowski et al. 2015), and
the Shaped Antenna measurement of the background RAdio
Spectrum (SARAS; N. Patra et al. 2015; S. Singh et al. 2017).
Notably, the third-generation SARAS instrument recently
published a nondetection of the EDGES absorption feature
during Cosmic Dawn, with a confidence level of 2σ
(H. T. J. Bevins et al. 2022; S. Singh et al. 2022). Upcoming
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experiments of this variety include the Radio Experiment for the
Analysis of Cosmic Hydrogen (E. de Lera Acedo et al. 2022),
the Remote H I eNvironment Observer (P. Bull et al. 2024), the
Mapper of the IGM Spin Temperature (R. A. Monsalve et al.
2024), and Probing Radio Intensity at High-Z from Marion
(L. Philip et al. 2019).
In this paper, we present the first power spectrum upper

limits from Phase II of the HERA experiment. HERA Phase I
(D. R. DeBoer et al. 2017) operated with a subset of the full
complement of antennas (<60), and used repurposed dipoles
from the PAPER experiment, sensitive between 100 and
200MHz. Phase I observations culminated with an observing
season in 2017–2018 resulting in two successive power
spectrum upper limits; first from a two-week subset of the
data (HERA Collaboration 2022a; hereafter H22a), and finally
from the full 94-night dataset (HERA Collaboration 2023;
hereafter H23). In the meantime, Phase II has been steadily
rolling out. Phase II (L. M. Berkhout et al. 2024) includes
several upgrades: a new signal chain, correlator, and upgraded
Vivaldi feeds that together extend the bandwidth out to
47–234MHz. The redshifts newly observable in Phase II are
of particular interest; they now cover the absorption feature
reported by EDGES (J. D. Bowman et al. 2018) as well the tail
end of reionization (z = 5−6), which has received consider-
able interest lately, with several studies based on the Lyα
forest of quasi-stellar objects (QSOs) placing the end of
reionization at z ∼ 5.3–5.5 (S. E. I. Bosman et al. 2022; Y. Zhu
et al. 2022; Y. Qin et al. 2024). In addition to the upgraded
system components, Phase II has added more antennas,
increasing the instantaneous sensitivity of the telescope. Here,
we present an analysis of a 2 week subset of data observed in
2022 October, during which 180 dual-polarized antennas were
online. For more details on the HERA Phase II system design,
see L. M. Berkhout et al. (2024).
The greatest challenge to making a detection of 21 cm

fluctuations in the pre-reionization Universe is the confluence
of spectrally structured systematics and bright foregrounds that
outshine the signal by up to 4 orders of magnitude. Since the
bright foregrounds are most readily distinguished from the
21 cm signal by their different spectral behavior—with
foregrounds intrinsically spectrally smooth and the 21 cm
signal possessing spectral structure on all scales—it is
important to design and calibrate 21 cm experiments to
minimize the structure they imprint on the foregrounds. There
are many potential sources of such structure, for example,
environmental factors such as ionospheric refraction and radio
frequency interference (RFI; M. J. Wilensky et al. 2020, 2023;
B. K. Gehlot et al. 2024; S. Munshi et al. 2025b), signal-chain
effects such as cable reflections (A. P. Beardsley et al. 2016)
and crosstalk, errors in analysis such as primary-beam
nonredundancy causing miscalibration (N. Orosz et al. 2019;
H. Kim et al. 2022, 2023) or incomplete sky models affecting
absolute calibration (N. Barry et al. 2016; R. Byrne et al.
2019), and structural concerns such as incomplete uv coverage
(A. Liu et al. 2014; S. G. Murray & C. M. Trott 2018). One of
the motivations of this paper is to uncover and quantify the
systematics present in updated Phase II system (especially
those that are new or more prominent in comparison to Phase
I), and to demonstrate that they can be appropriately modeled
and/or mitigated. One particular systematic that has emerged
as the most detrimental and difficult to handle in Phase II is
that of mutual coupling (MC): the reflection or re-emission of

sky signal by one antenna into another (A. Camps et al. 1998;
N. S. Kern et al. 2019, 2020a; A. T. Josaitis et al. 2021;
Q. Gueuning et al. 2022; N. Charles et al. 2024; R. Pascua
et al. 2024; O. S. D. O’Hara et al. 2025; E. Rath et al. 2025).
MC is present at higher levels in Phase II than was seen in
Phase I data. This is attributable to the increased sensitivity of
the new wideband Vivaldi feeds toward the horizon and their
suspension above their dish without the shielding of the
surrounding cavity used for the Phase I dipoles, which created
unwanted reflections within the dish. Currently, the feeds are
in full view of neighboring antennas—both their feeds and the
dishes themselves. While we have worked to develop tools to
understand and mitigate MC in our analysis pipeline
(N. S. Kern et al. 2019, 2020b; A. T. Josaitis et al. 2021;
N. Charles et al. 2024; R. Pascua et al. 2024; E. Rath et al.
2025), it remains our dominant systematic in the crucial k-
modes just beyond those dominated by intrinsic foregrounds.
We will discuss this systematic at some length throughout
this work.
To date, the limits presented in H23 remain the deepest limits

of the 21 cm power spectrum from any experiment at redshifts 8
and 10. These limits were made with 94 nights of observing (of
12 hr each) with a maximum of 41 unflagged antennas per night.
The limits, specifically ( )=k h0.34 Mpc 457 mK21

2 1 2 at
z = 7.9 and ( )=k h0.36 Mpc 3496 mK21

2 1 2 at z = 10.4,
are consistent with thermal noise over a wide range of k,
indicating that further integration should yield corresponding
improvement. Notably, both of the previous HERA upper limits
were supported by extensive simulation and statistical validation
(J. Tan et al. 2021; J. E. Aguirre et al. 2022), which cataloged
small sources of signal loss that were corrected in the final
limits. This analysis in this paper extends these supporting
validation tests with updated and expanded simulations that
cover the larger set of antennas in the Phase II dataset.
Although previous HERA results were only upper limits, a

range of inferences with different physical models were
unanimous in concluding that these limits rule out the class of
“cold reionization” models (HERA Collaboration 2022b,
hereafter H22b; strengthened by H23).
Cold reionization is the regime in which large-scale reioniza-

tion occurs without significant heating of the IGM (due to, for
example, inefficient production of X-rays from high-mass X-ray
binaries). Cold reionization is the scenario that naturally
produces the largest amplitude 21

2 after reionization begins
(z ∼ 6–12; A. Mesinger et al. 2014; J. C. Pober et al. 2015). Prior
to being ruled out in H23, cold reionization scenarios were
already disfavored by prior limits set by both LOFAR (R. Ghara
et al. 2020; B. Greig et al. 2021a; R. Ghara et al. 2025) and the
MWA (R. Ghara et al. 2021; B. Greig et al. 2021b). Beyond
ruling out cold reionization, H23 constrained the properties of
early high-mass X-ray binaries (HMXBs); under the assumption
that these systems dominate the heating of the IGM before and
during reionization, their soft-band X-ray luminosity per star
formation rate (LX < 2keV/SFR) was inferred to be higher than
that of local HMXBs at more than 3σ, and instead consistent
with a population of low-metallicity HMXBs (T. Fragos et al.
2013; P. Madau & T. Fragos 2017; H. D. Kaur et al. 2022).
However, this conclusion is conditional on the astrophysical
model employed. For example, H. Lazare et al. (2024) showed
that if star formation is very efficient inside the first, molecularly
cooled galaxies, the constraints on LX < 2keV/SFR could weaken
considerably, though this depends strongly on the unknown
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properties of such Population III dominated galaxies (e.g.,
H. Lazare et al. 2024; D. Breitman et al. 2025, in preparation).
Meanwhile, over the past several years, our understanding

of the z > 5 Universe has continued to improve thanks to
measurements beyond the 21 cm line. For reionization, the
detection of high-H I opacity regions in quasar spectra at z ≲ 5
has provided increasingly strong evidence that the tail end of
reionization stretches to between z ∼ 5 and 5.5 (G. D. Becker
et al. 2021; T. R. Choudhury et al. 2021; S. E. I. Bosman et al.
2022; Y. Zhu et al. 2022; P. Gaikwad et al. 2023; Y. Qin et al.
2024). But the James Webb Space Telescope (JWST;
J. P. Gardner et al. 2006) observations have shown that star
formation is substantially more common at z ≳ 10 than
expected from models calibrated to Hubble Space Telescope
(HST) observations (e.g., G. C. K. Leung et al. 2023;
C. T. Donnan et al. 2024; S. L. Finkelstein et al. 2024) and
that the observed galaxy population is extremely blue
(M. W. Topping et al. 2022; F. Cullen et al. 2023). These
observations suggest that z ≳ 10 galaxies might be more
efficient at emitting ionizing photons than previously expected
(V. Gelli et al. 2024; J. B. Muñoz et al. 2024; I. Nikolić et al.
2024), which could result in an earlier start to reionization. In
such a scenario, recombinations inside IGM clumps would be
essential in extending the later stages of the EoR in order to
match the Lyα forest observations (F. B. Davies et al. 2021;
Y. Qin et al. 2024). Meanwhile, Lyα line emission from
galaxies—which should be absorbed by the IGM once it is
substantially neutral—has proven to be surprisingly common
even at very high redshifts (e.g., A. J. Bunker et al. 2023;
J. Witstok et al. 2025). These varied observations have raised
even more questions about the reionization process.
JWST has also raised new questions about the importance of

active galactic nuclei (AGNs) to the Cosmic Dawn era.
Signatures of accreting supermassive black holes have been
found in a surprisingly large number of high-z sources,
including UV-luminous galaxies (A. J. Bunker et al. 2023;
A. D. Goulding et al. 2023; M. Castellano et al. 2024;
R. Maiolino et al. 2024) and the so-called “little red dots,”
compact sources with broad emission lines that may be due to
gas surrounding accreting black holes (e.g., J. E. Greene et al.
2024; J. Matthee et al. 2024; but see also G. C. K. Leung et al.
2024 for other explanations). The prevalence of these sources
(accounting for up to ∼10% of the galaxy population) suggests
that accreting black holes may have played a larger role in the
early Universe than previously expected, though this depends
on the (heretofore poorly understood) nature of the central
sources (e.g., G. C. K. Leung et al. 2024; R. Maiolino et al.
2025). An additional population of accreting black holes that
are X-ray luminous may affect the early thermal history of the
IGM, which will be tested by HERA and other 21 cm
experiments.
This paper is organized as follows. In Section 2 we describe

the dataset analyzed in this work, including the instrumental
configuration and data selection. In Section 3 we detail the
analysis pipeline we have developed, highlighting key
differences compared to our previous analyses of Phase I data
(H22a; H23). In Section 4 we demonstrate the validity of our
pipeline by applying it to detailed end-to-end mock simula-
tions, as well as performing statistical tests designed to expose
biases in our power spectrum estimates. In Section 5 we
present the main results of the paper: both cylindrically
averaged spectra and spherically averaged upper limits. In

Section 6 we explore the impact of these new limits on our
understanding of astrophysics during Cosmic Dawn, and
finally in Section 7, we conclude with a summary and
prospectus for future HERA analyses, given the large amount
of data already taken.
Throughout this work, we adopt the cosmology of P. A. R. Ade

et al. (2016), namely ΩΛ = 0.68440, Ωb = 0.04911,
Ωc = 0.26442, and h = 0.6727.

2. Observations

2.1. The HERA Phase II Telescope

The HERA telescope is located at the SARAO site in the
Karoo desert in South Africa. It consists of 350 wire-mesh
parabolic dishes, each of which has a diameter of ∼14 m and
contains a suspended feed (D. R. DeBoer et al. 2017). The
dishes are arranged in a tightly packed hexagon (J. S. Dillon &
A. R. Parsons 2016) spaced 14.6 m apart (center to center),
with the dishes almost touching each other. Note that 320
antennas form a core with a maximum inter-antenna distance
of 292 m, along with two concentric layers of outriggers that
increase the maximum baseline length to 876 m.
This array layout maximizes sensitivity to a small number of

(mostly large-scale) k-modes, making HERA an extremely
sensitive telescope for these cosmologically relevant modes, as
well as enabling the redundant-calibration approach discussed
in Section 3. Figure 1 shows HERA’s antenna layout,
comparing the antennas used for our previous limits to those
used here.
Drift scanning from its location in South Africa, HERA

observes a stripe across the −30° decl. This stripe crosses the
Galactic center, rising to a galactic decl. of −80° (see
Figure 2). Observing constraints include minimizing fore-
ground power from the Galaxy, bright point sources, and the
Sun. This results in an optimal season spanning the southern
summer, generally from September through April of the
following calendar year.
During a season, the number of antennas that are online is

reasonably constant—generally upgrades and maintenance are
most active during the off-season. In this paper, we report a
small subset of a single observing season, 2022–2023.
The most important development between HERA’s first two

reported upper limits and those presented here is the system
change from Phase I to Phase II. The Phase I system covered
100−200MHz (z = 6–13), and reused several components
from its predecessor PAPER (A. R. Parsons et al. 2010),
including the dipole feeds, cables, signal processing boards
(A. Parsons et al. 2006), xGPU correlator (A. Parsons et al.
2008; M. Clark et al. 2013), and some analog components. The
new Phase II instrument encompasses several major upgrades
aimed at increasing bandwidth and reducing systematics.
Bandwidth was increased by changing the feed and upgrading
the digitizers. The PAPER feeds were replaced with broader-
band Vivaldi-style feeds (N. Fagnoni et al. 2021a), extending
the usable frequency range on both ends, to 47−234MHz
(z ∼ 5–27). On the low-band end, this covers the redshift range
in which Cosmic Dawn is expected to occur (J. R. Pritchard &
A. Loeb 2012; J. D. Bowman et al. 2018), while on the upper
end, this covers the tail end of reionization, which may extend
all the way to z ∼ 5.3 (S. E. I. Bosman et al. 2022). The analog
system, signal processing boards (J. Hickish et al. 2016), and
correlator were also upgraded to match the extended frequency
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range of the feeds and accommodate a larger number of
antennas (L. M. Berkhout et al. 2024). Finally, the 100 m
analog cables were replaced with an RF over fiber (RFoF)
system. Use of fiber reduced re-radiation from the coaxial
cables and allowed the cables to be made 500 m long. This
increased length moved reflections to delays corresponding to
k modes of reduced cosmological significance. For this reason,
cable reflections are no longer fit for as a part of calibration as
was necessary in H22a and H23 (see N. S. Kern et al.
2019, 2020b for the methodology).

2.2. Data Selection

HERA records continuously through the observing season
from sunset to sunrise for an average of 12 hr per night. The
data used in this paper are a 14-night subset of the 2022–2023
observing season, starting on 2022 October 8–9 (JD 2459861)
and ending on 2022 October 23–24 (JD 2459876). Of this
contiguous set of nights, two were excluded from the analysis
(2459865 and 2459875) due to a high prevalence of strong
broadband RFI throughout the nights, which we attribute to
lightning storms W. Heiligstein & D. Jacobs (2023). Within
the remaining 14 nights, several more hours were flagged for
the entire array due to similar broadband RFI. The quality
metrics used for excluding observing times were determined
based only on the autocorrelations—a small subset of the full

data—prior to any of the analysis steps described in Section 3.
Table 1 lists the nights and LSTs that were affected. In total,
not including the two full nights that were excluded, ∼7.5
observing hr or 5.2% of the remaining 144 hr were flagged due
to this broadband RFI.
Figure 2 illustrates the LST coverage of this dataset,

comparing it to the Phase I dataset reported in H23. The
background in this figure represents the foreground intensity,
here computed with the pygdsm43 software. Since HERA is a
fixed, zenith-pointing instrument, its observational footprint is
confined to a stripe of constant decl., here demarcated by the
white dashed lines—limited by the FWHM of the primary
beam, which, at the lowest operable frequency, is (∼10°).
However, HERA receives emission well beyond this stripe: the
primary beam is illustrated in Figure 2 by the gray contours,
which denote the 1% (dashed) and 0.2% (dotted) sensitivities,
respectively, while the sensitivity at the horizon is estimated to
be ∼0.1% (N. Fagnoni et al. 2021a). Sufficiently bright
sources anywhere above the horizon significantly affect
measured visibilities. The inlaid gray histogram indicates the
number of independent observations at each LST, where
independent observations are drawn from different nights,
antennas, polarizations, and integrations within an LST bin. As
can be seen, the dataset we present here covers LSTs between
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Figure 1.Map of antennas used at least once within this dataset, with inner pie-charts indicating the fraction of time (i) observed without flagging (blue), (ii) flagged
(red), and (iii) offline (white). Antennas highlighted with a thick black border indicate those used in H23. Two nights completely flagged due to lightning (see
Table 1) are not considered here. The indicated flagging amounts include data quality checks (see Section 3.3) and per-antenna flag synthesis (see Section 3.4.1), but
not channel-based flags from, e.g., RFI. The displayed fractions for each antenna average across both feed polarizations. The total time observed across the dataset is
136.3 hr. Over 120 antennas observed usable data during this dataset, compared to the 48 in H23, corresponding naively to a ∼5−10-fold increase in sensitivity.

43 https://github.com/telegraphic/pygdsm
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∼21 and 7 hr, which includes Fields A, B, C, and part of D
from H23. In this work, we do not split the observations into
separate fields as in previous works, rather reporting the power
spectrum upper limits derived from the full range of
1.25–5.75 hr, which have maximum coverage, have relatively
low foreground amplitude, and avoid problematic sources such
as the setting of the Galactic center and the bright, high-
rotation-measure pulsar B0628-28.
Figure 1 shows the antennas that were online during the

observations included in this analysis, as well as the relative
fraction of time they were unflagged (blue), flagged (red), or
offline (white). In this figure, the flags include the full per-
antenna flags, but neglect frequency-dependent flags (e.g., due
to RFI; see Section 3.4.1). The total for each antenna includes
both polarization feeds. Some antennas (e.g., 139, 159) were
brought online mid-way through the 2 week observing period.
Note that certain antennas (e.g., 186), though technically
online, were always flagged. Figure 1 also shows the antennas
that were included in H23 with darker outlines, highlighting
the increased number of antennas in this dataset. In summary,

180–183 antennas were online for each night in this dataset, of
which 138 were unflagged for some portion of the dataset. The
shortest baselines are 14.6 m in length, and the longest
(unflagged) baseline in the dataset is ∼280 m in the east–west
direction. We describe our antenna-based flagging metrics in
more detail in Section 3.4, and summarize the details of the
data selection in Table 2.
This dataset represents a small fraction, roughly 10%, of

HERA’s 2022–2023 observing season. It was not chosen based
primarily on its quality; rather, it was simply the first set of 14
nights observed that passed basic full-night quality checks (to
avoid lightning storms). During the later part of the season, the
addition of new antennas and repairs improved the data quality
somewhat, and fall weather brought fewer lightning storms.
Compared to the dataset reported here, the full season
represents a 10-fold increase in the number of observed
nights/hours that remain after autocorrelation-based flagging,
as well as a modest increase in the average number of antennas
that survive quality checks. In total, the 2022–2023 season has
just over 1300 hr of unflagged data, with an average of 140
unflagged antennas, while the dataset analyzed here contains
129 hr of data with an average of 131 unflagged antennas.

3. Analysis Pipeline

The data analysis pipeline consists of several stages of data
flagging, calibration, filtering, and averaging. Almost all stages
of analysis have been upgraded or modified with respect
to H23. In this section, we detail the full pipeline, highlighting
the main modifications compared to H23. For the reader
already familiar with previous HERA analyses (H22a; H23),
we provide a compact overview of the main differences
introduced in this work following the full description in
Section 3.11.
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Figure 2. The sky coverage of this dataset, compared to previous HERA limits. The background shows the diffuse sky model of A. De Oliveira-Costa et al. (2008)
computed with pygdsm (D. C. Price 2016) with an overlay of the “HERA stripe” indicating the region of sky HERA can observe. Inset transparent-blue regions
indicate the fields included as part of the H23 upper limits. In this analysis, we include just one field, from LST 1.25–5.75 hr, indicated by the pink vertical lines.
Note that while we denote HERA’s field of view by the dashed white stripes, corresponding to the FWHM of the primary beam (at 150 MHz), the beam has
nonnegligible sensitivity out to large zenith-angles, which we illustrate with the gray contours. The dashed (dotted) contour corresponds to the 1% (0.2%) sensitivity
of the primary beam at 150 MHz. The beam has ∼0.1% sensitivity down to the horizon. The inset gray histograms indicate the LST-coverage of the dataset we
describe here. The taller background shaded region has a height proportional to the number of antenna-feed-integrations a particular LST was observed (i.e., the
number of integrations observed by any antenna on any feed-polarization at that LST), while the shorter foreground histogram is the resulting coverage after antenna
flagging (see Figure 1). For reference, the maximum of the background histogram is 65,394 antenna-polarization-integrations (10 s each) within LST bins of 270.5 s
(see Section 3.9.1), while the maximum number of unflagged observations is just over half this value.

Table 1
Nights and LSTS for Which the Entire Observation Was Flagged due to
Excess Broadband RFI, Believed to Be Attributable to Lightning Storms

Night LSTs Flagged
(JD) (hr)

2459863 20h46m–23h39m

2459865 ALL
2459869 21h10m—0h10m, 7h05m–7h12m

2459872 21h22m–22h20m

2459875 ALL
2459876 21h38m–21h52m, 7h26m–7h39m

Note. In general, partially flagged nights were only flagged at the beginning or
end of the night (or both) so as not to introduce large flagging gaps in an
individual night.
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3.1. Definition of Terms

We first define some notation and nomenclature that recurs
throughout the upcoming analysis discussion.
The basic measurement of the interferometer is a visibility Vij

pq

correlating feed p on antenna i with q on j. The correlator
integrates the instantaneous visibility over channel width Δν and
over time Δt (see Table 2). Colloquially known as “integrations,”
these visibilities measured between antennas in the HERA
hexagonal grid offer repeated or “redundant” measurements of
the same correlation.44 These redundant measurements of the
sky all occupy the same point in uv space and are nominally
only different up to thermal noise. Often one examines a
particular “redundant group” {( ) ( ) }= …G i j k l, , , ,ij of Gij
baselines that all occupy the same uv point or “unique
baseline” vector. We uniquely label the baseline group by one
of its elements (here ij). The number of unique baselines in the
dataset is Nubl (this can change over time as antennas are
added/removed or flagged). Visibilities from redundant base-
lines are eventually averaged to a single “redundantly
averaged” visibility. Once this averaging is done, it is often
practical to label the redundantly averaged visibility according
to the “key” baseline, so that GV Vij

pq pq
ij
. The context will

make clear when a visibility is a redundant average.
Throughout the pipeline, we often make use of the

“expected” variance of a particular visibility. Whenever we
reference the “expected variance” of a cross-correlation, we
are referring to that given by the radiometer equation, where
the system temperature is estimated as the calibrated auto-
correlation45:

( ) ( )=V
V V

t N
Var . 1ij

pq ii
pp

jj
qq

samples

Here, Nsamples is the number of integrations or baselines that
have been coherently averaged together into Vij

pq (e.g., if a
redundantly averaged visibility from group G is under

consideration, the number of samples includes G ). Very
often, since well-calibrated autocorrelations should be nearly
equal across antennas, we use the average autocorrelation
across antennas for a given polarization, V pp, instead of each
Vii

pp individually.

3.2. Overview of Pipeline

The analysis approach taken here is to estimate the power
spectrum at each uv point and then average these power
spectra to get a single result. Averaging in this “incoherent”
way requires phase agreement between redundant baselines
and correctable stability in time and frequency but not between
all baselines as would be required in an imaging approach
(M. F. Morales et al. 2019). The remaining challenge, still
significant, is to average coherently across redundant base-
lines, short timescales, and many nights and then average
power spectra over sidereal times. The coherent-average
pipeline used here uses filters and statistical tests across time,
frequency, and night to solve for antenna gains, mask
interference, and check for system failures. The order of
operations and choice of algorithms is constrained by the
amount of data that can be held in memory, the speed of data
access patterns, and similar matters. The 2 week dataset
processed here, amounting to 36 TB of data, ran in 3 days on a
16 node cluster. Here, we report the algorithmic approach and
give some detail into the also-important technical organization
behind this processing.
The data analysis pipeline is illustrated in Figures 3 and 4. We

have broken up the pipeline into two flowcharts, with Figure 3
showing the calibration and quality checks performed separately
on each nights’ data, and Figure 4 depicting the combination of
the nights and the subsequent power spectrum estimation. Both
charts flow in general from top to bottom, and where applicable
from left to right. In each, data products are represented by
colored rectangles, with colors indicating the type of data
(indicated in the legend), and the data dimensionality indicated
with text, as well as the ‘stacked’ representation.46

Observations are recorded on site and saved to UVH5 files47

that each include all 1536 frequency channels, four linear
polarizations, Nbl baselines, and two 9.6 s time integrations.
Autocorrelation visibilities are extracted from the datafiles and
saved independently, to allow for fast access during the
analysis. These two raw datasets are represented as colored
boxes at the top of Figure 3.
Each major step of the pipeline is implemented as a

parameterized Jupyter Notebook (T. Kluyver et al. 2016), with
formatted tables and figures within the notebooks making a
self-documenting visual record of the analysis performed. All
of the notebooks produced by this analysis, as well as the final
upper limits, covariances, and window functions, are publicly
available on Zenodo: DOI: 10.5281/zenodo.17676032. The
underlying algorithms for quality metrics, calibration, aver-
aging, and power spectrum estimation are defined in a suite of
libraries maintained by the HERA Collaboration at https://
github.com/HERA-Team/.48 In the flowcharts, each Jupyter

Table 2
Observation Characteristics for HERA’s 2022–2023 Observing Season

Here Full Season

Array Location −30.72°S, 21.43°E
Avg. Antennas Connected 180 195
Avg. Antennas Unflagged 131 140
Shortest Baseline 14.6 m 14.6 m
Longest Avail. Baseline 280 m 755 m

Minimum Frequency 46.92 MHz
Maximum Frequency 234.30 MHz
Channels 1536
Channel Width, Δν 122 kHz

Integration Time, Δt 9.6 s
Per-Night Obs. 12 hr
Total Nights Used 14 147
Unflagged Obs. Hours 129 1312

Raw Data Volume (Night) 2.7 TB 2.7 TB
Raw Data Volume (Full) 36 TB ∼350 TB

44 In practice, we define two baselines bij and bkl as redundant
if { }<b b p x y z2 m , ,ij

p
kl
p .

45 Any time the noise is estimated during the pipeline, the most up-to-date
calibration solutions consistent with that level of processing are applied.

46 The axis over which the data are ‘stacked’ in the flowcharts corresponds to
the axis over which the data is broken into separate files on disk.
47 https://github.com/RadioAstronomySoftwareGroup/pyuvdata/blob/
main/docs/references/uvh5_memo.pdf
48 Of particular note are the repos hera-qm, hera-cal and
hera_pspec.
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notebook is represented as a rectangle, within which may be
several processing steps, represented by ellipses with titles and
references to sections in the paper in which we describe the
process. Each notebook takes input data, which are denoted by
colored tabs in the top-left corner of each notebook, where the
color defines which data product is being input (multiple
colors indicates multiple inputs). Each notebook also produces
a set of outputs that are connected by arrows.
One of the most important aspects of the analysis pipeline to

keep in mind is that most of the tasks cannot see all of the data
at one time, due to its size. The HERA analysis pipeline
proceeds in stages by slicing data along different axes, aiming
to make increasingly sensitive assessments within the bounds
of the available computing and memory resources. We

represent these choices in Figures 3 and 4 by defining the
shape of the input data slices in the colored “input” tabs for
each process, which are in general different to the size/shape
of the data product on disk. Furthermore, by considering
condensed data products that are either independent of
frequency (e.g., Antenna Metrics) or antenna-dependent
instead of baseline-dependent (e.g., Gain Solutions), we are
able to simultaneously consider the full set of LSTs for a
particular night (e.g., the Smoothed Gains), and then
incorporate this full-night information back into the raw data
(e.g., Redundant Averaging) without needing to read the full
set of raw data simultaneously.
The pipeline can be split into three major conceptual

sections spanning the two flowcharts: calibration, redundant

Figure 3. The HERA per-night analysis pipeline (leading to the power spectrum pipeline in Figure 4). As indicated in the title, this pipeline is run separately for each
night of observation. The general flow of the analysis is from top-to-bottom and left-to-right. Large colored rectangles represent data products, with the
dimensionality indicated as text in each rectangle, and the stacks representing the fact that the products are stored as multiple files over time (LST). Ovals with inset
text represent analysis steps (with references to sections of this paper in which they are described), and rectangles surrounding one or more ovals represent single
computational “tasks” generating Jupyter notebooks for inspection. Small colored labels inset onto the top-left of each task are the input data required for the task,
with color specifying the data type (corresponding to a previous data product) and text specifying the cut of data considered simultaneously.
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averaging and LST averaging, and finally, power spectrum
estimation. Each step includes additional calibration, filtering,
flagging, and statistical tests tuned to the relevant level of
averaging.
The first section—ending after “RFI Round Two” near the

bottom of Figure 3—is focused on calibrating and flagging the
raw data. The data itself is not modified at all in this section
(note the lack of green visibility outputs up to this point);

rather, we ultimately derive two new outputs: the frequency- and
time-smoothed per-antenna gain solutions (purple; Sections 3.3.2,
3.3.3, and 3.5) and a combined set of flags incorporating
both antenna-based (Section 3.4.1) and frequency-dependent
(Sections 3.3.1, 3.4.2, 3.6) masks (light gray).
The second section—starting with Redundant Averaging

and ending after LST-binning—averages over axes in which
the data are assumed to be redundant: baseline groups and

Figure 4. The HERA LST-stacking power-spectrum estimation pipeline. The visual language has the same meaning as in Figure 3, with the addition of blue data
products representing power spectra, and orange data products representing power spectrum statistics (covariances and window functions). In this pipeline, the size
of each stack is indicated at its bottom-right corner. Additionally, in contrast to Figure 3, this part of the pipeline is run only once, combining all nights in the first
processing step.
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nights. This results in two new intermediate visibility data
products: (i) calibrated, flagged, and redundantly averaged
visibilities, which are compressed by a factor Nbl/Nubl ∼ 10
(see Section 3.7), and (ii) LST-binned visibilities, in which the
data from each night at the same sidereal time and baseline are
averaged together, further compressing the data by a factor of
Nnights = 14 (see Section 3.8). The LST-binned dataset is
approximately 350 GB.
The third and final section is power spectrum estimation.

Here, we examine individual baselines independently rather than
LSTs, allowing us to consider the full range of LST, polarization,
and frequency for each baseline simultaneously. We interleave
the dataset in time to produce four noise-independent subsets of
data, for each of which we perform systematics mitigation
through fringe-rate filtering (Section 3.9.1), average the
visibilities within LST bins of 270 s (Section 3.9.2), compute
signal-loss corrections due to these filters (Section 3.9.3),
compute cross-correlation delay spectra (Section 3.9.4) and their
error bars (Section 3.9.5) between the interleaved subsets, and
incoherently average the spectra and covariances over the LST
bins (Section 3.9.6). Finally, we combine all of the per-baseline
delay spectra, average them within larger delay bins to reduce
correlations between neighboring delays (Section 3.10.2),
average over baseline orientations to produce cylindrical power
spectra (Section 3.10.3), and finally, average within regular |k|
-bins to produce the final spherically averaged power spectrum
estimates with their covariances and window functions
(Section 3.10.4). In the following subsections, we describe these
steps in more detail.

3.3. Calibration and Flagging

The first major step of the analysis pipeline is for each
integration—spanning all baselines, channels, and polariza-
tions—to be separately flagged and calibrated. Two types of
flags are generated: per-antenna flags,49 which are for all
channels, and per-channel flags, which are for all antennas—
typically for RFI. These flags and calibration solutions are later
modified (i.e., smoothed or otherwise harmonized) in the
context of full nights of gains and flags.
First, the data are flagged using the autocorrelations. The

data that survives flagging is then calibrated; first we perform
redundant calibration to achieve relative calibration of all
antennas, and the remaining degeneracies are then fixed by
comparing to a simulated sky model. We present each of these
processes in more detail in the following subsections.

3.3.1. Initial, Per-integration Flagging

Interference and malfunctioning antennas can introduce
outliers that do not integrate down. For this reason, each
calibration or averaging step is preceded by a flagging step in
which outliers are identified and masked. In the first of these
steps, each time, frequency, and antenna are individually
evaluated. In later steps, averaged products will be used to find
smaller outliers.
Common factors causing outliers visible in individual data

points are: RFI (generated by, e.g., terrestrial FM stations),

nearby lightning storms, and a malfunctioning signal chain for
a particular antenna or node.
For each integration,50 flags are generated on a per-antenna

and per-channel basis. For some metrics, there is an interaction
between these modes; for instance, one metric for an antenna’s
fitness is whether the spectrum of the autocorrelation is similar
to the average over all antennas. Anomalous spectral structure
might indicate any number of underlying issues in the system.
However, such structure might also be a manifestation of RFI,
which can show up more strongly on some antennas than
others, and should be flagged on a per-channel basis instead
(potentially causing that antenna to pass antenna checks once
the problematic channels are flagged).
It should also be noted that unlike the auto_metrics

presented in D. Storer et al. (2022), these per-antenna cuts are
mostly51 based on absolute metrics, as opposed to their being
statistical outliers relative to the rest of the array.
First, we flag entire antennas that are dead (many zero-

valued visibilities), have low correlations (D. Storer et al.
2022) indicative of clock distribution issues (L. M. Berkhout
et al. 2024), are cross-polarized, exhibit digital packet loss, or
have anomalous autocorrelation power or slope relative to
the rest of the antennas. These properties are unlikely to be
contaminated by per-channel effects. We detail the precise
metrics used for these cuts in Appendix A.
Our three remaining metrics for determining per-antenna

flags are more likely to interact with the per-channel flags. To
account for this, our strategy is to first determine an initial set
of per-channel flags (we refer to this as an “RFI mask,” though
it may flag more than just RFI), and then to iteratively refine
both this mask and the set of per-antenna flags until these sets
converge. Using this strategy, we flag antennas that we deem
to have broken X-engines (each X-engine correlates all
antenna pairs within a block of 96 channels), excess RFI
compared to other antennas, or an anomalous autocorrelation
spectral shape. We detail these three metrics, and how they
interact with the RFI mask through an iterative refinement, in
Appendix B. Ultimately, we carry through both these per-
antenna flags and the refined RFI mask to the calibration as
described in the next two subsections.

3.3.2. Redundant Calibration

Redundant calibration simultaneously solves for each
complex antenna gain, gi(ν) as well as a model for each
unique visibility V̂ij, through chi2-minimization of the residual

ˆV g g Vij i j ij
meas . In HERA’s hexagonal layout, most baselines

are sampled many times, which makes gain solutions well
determined. This is one of the secondary benefits of HERA’s
layout design (J. S. Dillon & A. R. Parsons 2016). However,
the method has limitations and challenges. It assumes identical
antenna elements situated on a perfect grid. It also cannot solve
for a handful of degrees of freedom in calibration, requiring a
sky model.

49 Note that these are not per-baseline flags: we find that most unrecoverable
systematics affect individual antennas (and all baselines of which they are a
part) rather than baselines, and the convenience of carrying around per-
antenna flags is worth the small amount of over-flagging arising from baseline-
dependent systematics. Also note that these flags are applied independently for
the two instrumental polarizations of each antenna.

50 For practical reasons, we in fact read in files with two integrations each, and
process these two integrations together. Conceptually, this makes almost no
difference to the analysis (each integration is still treated independently);
however, there is a small caveat that the initial per-antenna flags are generated
per-file (i.e., for two integrations) rather than per-integration. This has very
minimal impact on the results.
51 With the exception of the comparison of the auto-spectra to the mean just
mentioned.

10

The Astrophysical Journal, 998:33 (44pp), 2026 February 10 Abdurashidova et al.



The formalism of solving the nonlinear optimization
problem of simultaneously finding gains and visibility
solutions is described in A. Liu et al. (2010) and J. S. Dillon
et al. (2020). The particular approach used for Phase I is
described in H22a and H23. Small changes have been made for
Phase II to improve efficiency.
In Phase I, redundant calibration proceeded in three steps:

(i) firstcal, which found an approximate solution for a
per-antenna phase and delay, (ii) logcal in which the full
solutions for the gains, including the amplitude, are determined
in an approximate but biased way (A. Liu et al. 2010), and
(iii) omnical in which the χ2 is minimized with fixed-point
iteration, starting from the previous solutions (J. S. Dillon
et al. 2020; H. Zheng et al. 2014). In Phase II, we completely
eliminate the second step, logcal, and instead simply
average delay-calibrated visibilities from different baselines
together to get initial solutions for iterative omnical. This is
allowed to iterate for at least 100 cycles.
However, if any new antennas are rejected in any iteration

for having a χ2 per antenna beyond our threshold of 3
(antennas consistent with noise should have χ2 per antenna of
1; see J. S. Dillon et al. (2020) for details), we discard the
worst antennas and perform another 50 iterations, iterating
until all unflagged antennas are below the threshold.52 The χ2
of each antenna—including those flagged during the calibra-
tion process—is propagated to the following steps to be
considered for exclusion from the rest of the pipeline.

3.3.3. Absolute Calibration

“Absolute calibration” refers to the process of fixing the
average gain and phase gradient (or “tip-tilt”) of the array to
the true sky (N. S. Kern et al. 2020a), after having determined
the relative gains via redundant calibration.
In H23, the absolute calibration model was based on sky-

calibrated HERA data taken from three LST ranges that
contained catalog sources and had fields suitable for self-
calibration. Phase II datasets span a larger range of
frequencies, in particular the ∼50–100MHz low-band. With
a larger span of data available, a more consistent approach was
desirable, and to achieve this, we use a detailed model of the
southern sky. This “Southern Sky Model” (SSM; Z. E. Marti-
not 2022) was propagated through the RIMEz visibility
simulator (Z. E. Martinot 2022)53 using the full HERA array
layout and antenna beam (N. Fagnoni et al. 2021a). In
particular, this sky model is anchored by the diffuse sky maps
of M. Remazeilles et al. (2015) at 408 MHz and A. E. Guzmán
et al. (2011) at 45 MHz, with a spectral index that varies on
scales of 5°. The overall flux scale is calibrated with the
EDGES measurements presented in R. A. Monsalve et al.
(2021). Point sources from the GLEAM catalog (N. Hurley-
Walker et al. 2016) are merged with the diffuse maps using a
spherical harmonic formalism to correctly represent the power
already present in the diffuse maps.
In this analysis, the flux scale is set using the autocorrela-

tions from the SSM simulation, including an estimate of the
receiver temperature spectrum, implemented as a cubic spline
interpolation of the data from the laboratory measurements

performed in Section III-A of N. Fagnoni et al. (2021a). Using
autocorrelations instead of cross-correlations also naturally
avoids bias in the flux scale due to intrinsic thermal noise (e.g.,
J. E. Aguirre et al. 2022). The flux scale bias is roughly
inversely proportional to the signal-to-noise ratio (SNR) of the
data used. Cross-correlations have a characteristic SNR of
∼10, which produce biases of the order of 0.1, but
autocorrelations achieve an instantaneous SNR of ∼1000 so
that the order of the thermal noise bias becomes a negligible
10−3. The agreement in the absolute flux scale between this
model and that achieved by a calibration similar to N. S. Kern
et al. (2020a) is shown in Figure 5.
One parameter degenerate in the redundant calibration is tip-

tilt phase pointing, which must be fit with the sky model as a
spatial gradient in the phase across the array aperture. In Phase I,
we solved for the phase gradient using a linearized approx-
imation, valid when the model errors are small—as was
appropriate for a data-derived model. However the model used
here—which covers a much wider range of frequencies and LSTs
—was found to occasionally contain phase errors of more than π
radians for some baselines. This necessitated a new algorithm for
a more exact and robust solution of the nonlinear least-squares
problem to estimate these phase-gradient degeneracies. Our new
method will be explained in detail in an upcoming paper
(Z. Martinot & J. S. Dillon 2025, in preparation).
While the revised calibration does still have a very small

number times and frequencies that end up miscalibrated due to
an insufficiently accurate sky model,54 there are significantly
fewer than with the previous absolute phase calibration
algorithm. These failures are rare enough and sufficiently
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Figure 5. Comparison of the average absolute calibration vs. frequency using
the SSM from this work and the autocorrelations and using a sky-based
calibration from GLEAM and the cross-correlations. This comparison is
performed for a single integration at JD = 2459861.4782854, which
corresponds to an LST of 2.0789 hr. At this LST, the field of view is
dominated by two point sources near the center, making it one of HERA’s best
calibrator fields (N. S. Kern et al. 2020a). Despite that, diffuse galactic
emission is still quite important, and because the simulation using GLEAM
lacks a diffuse model, only long baselines (60 m<|b| < 140 m) are used when
performing amplitude calibration with cross-correlations. The agreement is
quite good, but the SSM calibration exhibits less spurious spectral structure
and is stable across LST, whereas the GLEAM calibration fails in regions with
significant diffuse emission or gaps in the catalog.

52 Additionally, outrigger antennas are excluded from redundant calibration,
both for computational speed and because we have not yet verified that they
can be well calibrated and brought into the analysis presented here.
53 https://github.com/zacharymartinot/RIMEz

54 These cases are visually obvious in plots of the phase of the gain solutions
as a function of frequency and time, appearing as sharp discontinuities.
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compact in time and frequency that smoothing of calibration
solutions (see Section 3.5) provides sufficient mitigation.

3.4. Per-night Flagging Synthesis

In the previous step, the flags were determined considering
each integration independently. Many of the issues triggering
flags or poor calibration solutions, such as failed signal chains,
are expected to be stable with time and so better identified
when more time is considered simultaneously.
Here, we consider the antenna metrics (upon which the

initial per-integration flags were based) for a full night
simultaneously. In doing so, we produce updated sets of
flags—both per-antenna/integration flags, and per-channel/
integration flags (RFI mask). This synthesis uses additional
information, such as calibration χ2, where necessary.

3.4.1. Per-antenna Flag Synthesis

In this synthesis, a list of antennas to ignore at each
integration is generated for each night of data using the
autocorrelations, calibration χ2, time-dependent antenna flags,
and time- and frequency-dependent interference mask. We first
re-apply all per-antenna flags previously obtained per time, as
well as flag all antennas at times for which the Sun is above the
horizon.
Following this, a procedure is needed to combine flags

across time with protocols to handle gaps. For example, we
found integrations that are not flagged, but are surrounded by
integrations that are flagged. Such cases are suggestive of a
low signal-to-noise situation where some integrations may fall
just below the threshold for flagging, but due to their proximity
to artifacts flagged at higher confidence, they are likely still
affected. Consistently harmonizing this information is the aim
of the “smoothed metric flagging” algorithm, described in
more detail in Appendix C, which smooths antenna metrics
and χ2 from redundant calibration on a 10 minute timescale,
and flags the smoothed metrics according to a pre-defined
threshold. In this way, previously unflagged data can be
flagged if in the vicinity of strong outliers. Furthermore, to
avoid large gaps in the middle of a night (which can negatively
affect fringe-rate filtering further on in the pipeline), we also
flag all integrations either before or after gaps larger than
∼10 minutes (whichever is smaller) within a night. Antennas
that are flagged for more than 50% of the integrations on a
given night are flagged for the entire night. Antennas flagged
in the initial, per-integration flagging are never unflagged as a
result of this process.

3.4.2. Initial Per-night RFI Mask

In parallel to the antenna flagging described above, a per-
night “RFI mask” must also be synthesized. This is an
(Nintegrations, Nfreq)-shaped mask that applies to all antennas.
First, a list of good antennas, channels, and times is

assembled using the criteria developed in Section 3.3.1, as well
as requiring the Sun to be below the horizon, and omitting the
FM band (87.5–108MHz). For each antenna, we then perform
a 2D high-pass filter on the autocorrelations (as a function of
time and frequency) using the discrete prolate spheroidal
sequence (DPSS) basis (D. Slepian 1978; A. Ewall-Wice et al.
2021). This basis set and its parameters are presented at length
in A. Ewall-Wice et al. (2021), with shorter pedagogical
guides appearing in P. Bull (2024) and K.-F. Chen et al. (2025)

and applications to data in R. Pascua et al. (2024) and
T. A. Cox et al. (2024). Here, the half-width in the frequency
axis is set to 200 ns (corresponding to a smoothing scale of
∼5MHz), and on the time axis is 2.2 mHz (corresponding to a
smoothing scale of ∼ 450 s). In this filtering, we consider only
the central window for the night outside of which all
integrations are flagged (e.g., due to solar elevation). The
weights used for determining the DPSS coefficients are the
estimated thermal variance of the autocorrelations, given by
the mean autocorrelation (over all candidate antennas). After
filtering, the per-antenna waterfall produced is divided by the
expected thermal noise level (see Equation (1)) to form a
Z-score, i.e., a metric that should be close to normally
distributed. Antennas are only used for RFI flagging when
their rms Z-score over time, and frequency is <1.2, or if they
are in the best-performing (i.e., most stable) quartile of all
antennas.
Having obtained a set of “good” antennas, we obtain a new

average autocorrelation and associated estimate of thermal
noise, as well as the Z-scores as computed above, but for the
mean autocorrelation over the set of “good” antennas. With
this Z-score waterfall in hand, we flag any pixel of the
waterfall with Z > 5, as well as neighboring pixels with Z > 4.
We then iteratively harmonize the flags over full channels

and integrations. Here, we compute the mean over unflagged
Z-scores over each axis, and for the axis in which the highest
mean exists, we flag all elements whose mean is both higher
than the highest mean in the other axis and higher than a
threshold of 1.5. We repeat this process until all flagged means
over both axes are below 1.5. This iterative process allows us
to eliminate the most poorly behaving channels and integra-
tions without counting, for example, an extreme outlier in an
otherwise poor channel as evidence of a poor integration (and
vice versa).
We then use the flag waterfall we just obtained to determine

a new 2D DPSS filter, and repeat the process afresh. We do
this only for two rounds.

3.5. Per-night Calibration Smoothing

All of the calibration steps discussed so far (redundant and
absolute calibration) are performed independently per integra-
tion and channel. This renders the calibration solutions
susceptible to both temporal and spectral fluctuations and
can result in gain errors, ˆ /g gi i, that are spectrally and
temporally structured. While all forms of error in the estimated
gains are undesirable, those that are spectrally structured are
particularly egregious, causing foreground power to leak from
the low-delay wedge into the high-delay 21 cm window. Since
apparent spectral structure in gain solutions is likely due to the
impact of nonredundancy on redundant calibration (N. Orosz
et al. 2019) or absolute calibration (R. Byrne et al. 2019), we
take a first-do-no-harm approach. We thus impose a strong
smoothness prior on our calibration solution, relying on the
stability and spectral smoothness of the instrument’s response.
Thus, any rapid fluctuations in the estimated gains are
considered to be spurious. We thus smooth the gains over
both time and frequency. This process has remained essentially
the same as previous HERA limits, but can be summarized as
follows.
We first choose a reference antenna (one for each night)—

the antenna that is flagged for the fewest integrations across
the night—and rephase all estimated gains such that the
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reference antenna has a phase of zero:

( ) ( ) [ ( )] ( )g t g t i t, , exp , . 2j j ref

We then smooth each antenna’s gain simultaneously over time
and frequency using a DPSS model with a half-width in
frequency of 100 ns (corresponding to a smoothing scale of
∼10MHz), and in time of 1.65 μHz (corresponding to a
smoothing scale of ∼6 × 105 s). Though this is longer than a
day, the way that DPSS filters are constructed means that the
gain solution admits a few temporal modes.
Importantly, it sometimes occurs that during the course of a

night, a particular antenna’s gain-phase is flipped (rotated by
180°) with respect to its phase on the first (unflagged)
integration of the night.55 In this case, we detect the
integrations in which this occurs, and flip all subsequent
integrations (until the phase reverts back, if indeed this occurs)
before fitting the DPSS model, and flip them back again after
smoothing. We also flag the integrations in which any flips
occur, since the flip might happen at some point during the
integration.

3.6. Deeper RFI Flagging

We find that the detection of RFI in autocorrelations
averaged over antennas can miss low-level RFI that is
noticeable in cross-correlations after further averaging to
increase signal-to-noise. Hence, we perform a check for this
low-level RFI as follows.
We first consider each integration separately, computing a

single array-averaged Z-score spectrum for each. We then
combine the Z-scores for all integrations on a given night to
perform harmonized outlier-detection.
Considering a single integration (all baselines, channels, and

polarizations), we apply the smoothed calibration solutions
and flags, and then redundantly average, as discussed in the
next subsection (Section 3.7), yielding NublNpol averaged
visibility spectra. We then estimate the thermal noise on each
unique baseline group using Equation 1 with = GN Nsamples bl, by
which we divide each redundantly averaged visibility yielding
an estimated SNR. We then down-select the baseline groups
that are carried through to compute the final metric; we include
only cross-correlation baselines for which (i) the median GNbl

(over t and ν) is at least 15% of the maximum GNbl for any
baseline group (in practice, the autocorrelations), and (ii) the
baseline delay, /b cij , is smaller than the high-pass delay-filter
threshold, 750 ns. This yields Nfilt < Nubl baseline groups
satisfying the criteria.
To the SNR of each of these baselines, we fit 1D DPSS

models over the spectral axis—one for each unique baseline
and integration, fit independently to frequency bands below
and above FM—and subtract the model from the SNR. As
mentioned, this DPSS model has a half width of 750 ns—well
outside the expected FG-dominated wedge, and including
dominant systematics such as MC. If all of the foreground
signal is concealed at delays below 750 ns, the remaining
delay-filtered SNRs are expected to be foreground- and
systematic-free, and should thus be normally distributed, i.e.,
they can be considered Z-scores.

There is a small caveat here. There is a well-known feature
of model fitting in which data toward the edge of the range (or
data close to large gaps) are over-fit due to their not being
constrained on one side. This leads to a systematic under-
estimate of |Z| close to the edges and large flagging gaps (such
as the FM band). This can be analytically corrected by dividing
the spectrum of Zt(νi) at each integration t by L, where:

( ) ( )=L h
4

1 . 3i ii
2

Here, hii is called the “leverage,” and is simply ith diagonal
element of the ortho-projection (or “hat") matrix:

( ) ( )=H Z X NX X N , 4t
T T1

where N is the diagonal matrix whose diagonal elements are
given by ( )N tg

bl , and X is the DPSS design matrix.
Following the correction of the set of Z by this leverage-

correction factor, we compute a modified mean-Z via the
following:

¯ ( ) ( )=Z Z
N

1
4

, 5ubl,filt

where the average over the absolute Z-scores is performed
over the Nfilt unique baselines satisfying our selection criteria
defined above. This new, averaged quantity has an expected
mean of zero and variance of unity, though it is not normally
distributed.
In a very similar fashion to the flagging performed on the

antenna-averaged Z-score waterfall in Section 3.4.2, we
combine the per-integration Z-scores over a full night, and
perform similar checks but with reduced thresholds (see
Appendix D for details).
We show an example of this Z-score waterfall in the top

panel of Figure 6, which highlights a small ∼40MHz by 2 hr
window. Pre-existing flags (see Section 3.4.2) are shown in
white, while the Z-score computed in the manner described
above is shown on the color-scale from blue to red, clipped at
5σ. Several key features are immediately apparent: there are a
number of small “blobs” of high Z-score, generally close to
channels that were pre-flagged. There are also channels that
have intermittent outliers across time. The new flags
determined by this procedure are depicted in the bottom panel
of Figure 6 as the pixels overlaid in orange. Note that very
often, the resulting flags apply to entire channels for all times,
though there are also instances of flags that affect a small
region of time and frequency.
Finally, as an even deeper probe of RFI in particular

channels, we take an average of Z̄ over integrations, leaving a
single spectrum of Z-scores, which we further normalize by
dividing by the square root of the number of unflagged
integrations, and subtracting a DPSS model with half-width of
250 ns, corrected for the leverage as above. We denote
this quantity by Q. We then flag any channels where

( ( ) )/>Q Qmax 4, max 1.5 , and repeat the averaging and
DPSS-fitting until no new flags are found. In this way, large
outliers are less likely to cause additional channels to be
flagged due to their influence on the filter.

3.7. Redundant Averaging

A major distinction between this work and previous HERA
limits is that here we averaged the visibilities of all redundant

55 We attribute these flips to the rare accidental triggering of the Walsh
switching of HERA feeds—a capacity built into the hardware but not
implemented for these observations (L. M. Berkhout et al. 2024).
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baselines prior to forming power spectra. This is a significant
analysis choice, making the downstream power spectrum
estimation significantly more simplified and efficient. It also
means that the final power spectra include contributions from
all baseline pairs within each redundant group, including the
auto-pairs, where a baseline is multiplied by itself. This is
expected to reduce the occurrence of negative-valued
systematics (e.g., M. Kolopanis et al. 2023; M. F. Morales
et al. 2023). However, it also introduces an increased risk of
signal loss, as imperfections in redundancy between the
baselines in a particular group can cause decoherence when
averaging their complex visibilities. We investigate the level
of this decoherence in Section 4.3.2, finding that it is of the
order a few percent (see Table 4).
This step is the first in which a new visibility data product is

created. In previous steps, the raw data is read and used to
create calibration solutions, and those per-antenna calibration
solutions are manipulated in various ways. In this step, the data
are read, the calibration solutions are applied, and a new
redundantly averaged dataset is produced. This is relatively
efficient, as the output product is Nbl/Nubl ∼ 10 times smaller
than the raw data.
The redundant baseline averaging process itself is quite

simple. For a particular baseline group G , we calibrate each

visibility at each time and frequency independently,56 and
perform a simple masked average:

( )
( )

=G G
G

V n g g V , 6pq

a b
a
p

b
q

a b ab
pq1

,

where ξ ∈ {0, 1} are per-antenna, per-channel, per-time flags,
and we propagate the number of accumulated samples as

| | ( )
( )

= GG
G

n . 7
a b

a b
,

Importantly, note that Gn , which is a per-baseline (time,
frequency)-waterfall, is by construction uniform over the
frequency axis for any particular baseline group, up to
flagging. This is because the only per-channel flags we set
are in the nightly synthesized RFI mask, which is a single
mask for all antennas on a particular night. Thus, while
integrations may be flagged for some antennas and not others,
channels are always either flagged or unflagged for all
antennas. Thus, for a particular integration t, nb has a constant
value for all channels, except for flagged channels in which it
is zero. This is an important point to which we will return
when discussing LST-stacking and inpainting in Section 3.8.
We note that, beyond the quality metrics and flagging

already discussed, no further quality checks are performed at
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Figure 6. An illustration of per-night RFI flagging, as described in Sections 3.4.2 and 3.6. In the top panel, we show the mean Z-score computed over “good”
baselines for night 2459861. Notice that there are clumps of unflagged high-Z, especially surrounding regions flagged for other reasons, e.g., at ∼137 MHz. The
synthesis RFI algorithm iteratively flags individual pixels and either the worst offending entire channels (vertically) or entire integrations (horizontally). The
culmination of these flags is presented in the bottom panel, where new flags from this algorithm are shown in green.

56 We omit dependence on t and ν in the expressions for simplicity.
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this stage. We aim to include such checks, which are uniquely
possible, when the calibrated visibilities from supposedly
redundant baselines are considered together, in future analyses.

3.8. LST-stacking and Averaging

Thus far, we have only considered data from a single night,
and have not jointly considered data from multiple nights. At
the same LST each night, we expect to observe the same sky,
so that visibilities within the same unique baseline group are
random draws from the same distribution. This affords a few
opportunities. First, it allows us to jointly compare the
calibrated visibilities and adjust the gain solution degeneracies
to optimally align them over nights. Second, it allows us to
jointly infer the visibility values that are flagged, with more
information at hand than we can use on a single night. Third, it
allows for a deeper level of outlier identification as we
compare nights with each other, and finally, it allows us to
average over the nights to increase SNR.

3.8.1. LST Stacking

We refer to the process of identifying and loading the data
within an LST bin as “LST stacking.” This is primarily a book-
keeping problem, which we tackle in the following way.
We first identify all unique baseline groups present on any

night in the dataset. We then generate a grid of LSTs that are
evenly spaced between zero and 24 hr, with a spacing of as
close to the integration time of the observations as possible
while dividing the total 24 hr evenly (9.6 s). The visibilities for
all nights, baselines, and polarizations within an LST bin are
gathered in parallel over LST bins. Finally, the visibilities are
rephased so that phase center is at the R.A. and decl.
corresponding to zenith at the center of the LST bin:

( ) ( )V V iexp 2 , 8ij
pq

ij
pq

where

( ˆ ˆ) · ( )/= R bz z c, 9ij

and R is the rotation matrix that rotates a unit vector toward
zenith, ẑ , at the LST of the observation to a unit vector toward
zenith at the central LST of the bin.

3.8.2. LST Calibration

Having stacked the data within an LST bin, we implement a
final calibration refinement, lstcal, to address systematic
variance observed across nights. Initial analysis of the dataset
(J. S. Dillon & S. Murray 2023) revealed that for a particular
baseline at a particular LST and channel, the variance
measured over nights exceeded the expected variance
(computed using Equation (1) where the autocorrelations are
averaged over both antennas and nights). We hypothesize that
this “excess variance” is at least partially a result of day-to-day
variations in the per-antenna calibration solutions that
manifests as a coherent systematic error in array-wide
calibration relative to the average across nights.
The lstcal algorithm addresses this issue by comparing

each night’s visibilities to the average across all nights within a
given LST bin,

( )=G G
G GV V N N , 10

k

N
k k

k

N
kavg

bl
,

bl
,

1
nights nights

computing a frequency- and polarization-dependent gain that
brings each night’s visibilities into better agreement with the
average. We model the per-night gain correction, ( )Gk , as a
per-array quantity defined by the absolute calibration degrees
of freedom. For each night k and polarization, this correction
consists of a per-frequency amplitude, ( )Ak , and two phase
gradients ( ( ) ( )),x k y k, , . This correction is applied to each
redundant group’s visibility based on that group’s representa-
tive baseline vector ( )b b,x y

( ) ( ) ( [ ( ) ( ) ]) ( )= +G A i b bexp . 11k k x k x y k y, ,

We then solve for the parameters ( )Ak , ( )x k, , and ( )y k,

for each night k by minimizing the difference between ( )GV kk

and ( ) ( )GG V kk
avg across all baseline groups G .

Given that each night’s visibility data have already been
redundantly averaged prior to LST-stacking, we restrict
lstcal to these absolute calibration degrees of freedom,
and do not attempt to correct the per-antenna gains. In order to
prevent lstcal from introducing spurious spectral structure
into the calibrated visibilities, we smooth the gain solutions
over frequency using a DPSS model with a smoothing scale of
10MHz before applying them to the data.
Figure 7 shows an example of the effects of LST-calibration

for two particular baselines at R.A.= 2.908 hr. Notice how for
both baselines, the spread of the data after LST-calibration
(right panels) is reduced compared to the data that has not been
LST-calibrated (left panels). To evaluate the stability of the
lstcal solutions, we also examined the per-night gain
solutions across all nights used in this analysis. The corrections
did not show coherent temporal trends, and instead appear
consistent with random fluctuations expected from nightly
calibration variance.

3.8.3. Choice of Spectral Windows

Ultimately, our power spectra will be estimated within
discrete spectral windows (or bands). While the spectral
windows are primarily intended for power spectrum estima-
tion, it is beneficial to choose them at this stage of processing,
to enable more granular flagging after inpainting (see next
subsection).
We choose eight spectral windows (in contrast to the single

band in H22a and the two bands in H23), ranging from
50–231.1 MHz. Details of the bands are presented in Table 3,
and their broad characteristics are illustrated in Figure 8. The
spectral windows were selected using a few criteria; each was
required to be <15MHz in width to alleviate the lightcone
effect (K. K. Datta et al. 2012, 2014; R. Ghara et al. 2015;
B. Greig & A. Mesinger 2018; M. Blamart & A. Liu 2025),
and an attempt was made to place wide gaps (more than a few
channels) with consistently high flagging fractions between
spectral windows. These choices were made since strongly
flagged channels toward the center of power-spectrum bands
have previously been shown to leak foregrounds to high delays
(J. E. Aguirre et al. 2022; K.-F. Chen et al. 2025), even with
spectral inpainting applied. Further, bands were picked so as to
concentrate channels with relatively high levels of flagging
into as few bands as possible.
Note that in Figure 8, two metrics of flagging are included.

The gray crosses indicate the RFI occupancy of each channel,
i.e., the fraction of antennas, times, and feeds that are flagged
after the “RFI Round Two” processing step (Section 3.6). The

15

The Astrophysical Journal, 998:33 (44pp), 2026 February 10 Abdurashidova et al.



spectral windows were chosen based on this statistic.
Conversely, the black and red dots indicate the total number
of samples (baselines, times, and pols) that go into the power
spectrum estimates. These are noticeably disjoint at the edges
of the spectral windows, which is an artifact of flagging
choices we make after inpainting—with knowledge of the
bands—described in Section 3.8.4. Thus, a low overall number
of samples within a band (e.g., the band above 131) does not
necessarily indicate a high flagging fraction due to, e.g., RFI,
but instead that there were a higher number of large flagging
gaps in that window.

After initially specifying 14 spectral windows, we finally
chose the eight most well-behaved bands in which we report
upper limits. The bands that are not ultimately used are marked
in Table 3 and shown as gray in Figure 8. Of the six abandoned
spectral windows, four of them exhibit very high overall levels
of flagging, and the other two (just below bands 165 and 216)
have a large variability in flagging fraction within the band.
We found that these bands exhibit weak but noticeable
artifacts in histograms of high-delay signal-to-noise for power
spectra with low levels of incoherent averaging, most likely
arising from inpainting imperfections.
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Figure 7. An example of the effects of LST-calibration, described in Section 3.8.2. The left panels shows the magnitude of the visibilities measured by the 14.6m
east–west baseline group (top) and 29.2m east–west group (bottom), on the 14 nights of observation (colored), with their average shown in black. These panels are
before LST-calibration is applied, while the right panels are the same data after LST-calibration is applied. Notice how the spread between nights is significantly
reduced, while the overall structure remains the same.

Table 3
Spectral Window Definitions for the Power Spectra Presented in This Paper

Channels Nchans Freq. Range Δν z Range Center z Δz Used?
(MHz) (MHz)

27–126 99 50.2–62.2 12.1 21.82–27.3 24.6 5.5 ✓
135–218 83 63.3–73.5 10.1 18.33–21.4 19.9 3.1 ✓
227–316 89 74.6–85.4 10.9 15.63–18.0 16.8 2.4 ✓
501–567 66 108.0–116.1 8.1 11.24–12.1 11.7 0.9 ✗
577–635 58 117.3–124.4 7.1 10.42–11.1 10.8 0.7 ✓
643–732 89 125.4–136.2 10.9 9.43–10.3 9.9 0.9 ✓
749–830 81 138.3–148.2 9.9 8.59–9.3 8.9 0.7 ✗
846–920 74 150.1–159.2 9.0 7.92–8.5 8.2 0.5 ✗
921–1008 87 159.3–169.9 10.6 7.36–7.9 7.6 0.6 ✓
1024–1100 76 171.9–181.1 9.3 6.84–7.3 7.1 0.4 ✓
1102–1225 123 181.4–196.4 15.0 6.23–6.8 6.5 0.6 ✗
1242–1323 81 198.5–208.4 9.9 5.82–6.2 6.0 0.3 ✗
1355–1423 68 212.3–220.6 8.3 5.44–5.7 5.6 0.3 ✓
1454–1509 55 224.3–231.1 6.7 5.15–5.3 5.2 0.2 ✗

Note. Channel ranges are noninclusive on the upper end. While we define 14 bands, we only report upper limits in eight of the bands, due to high levels of flagging in
the other six (see Figure 8).
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3.8.4. Inpainting

While flagging data affected by systematics such as RFI is
essential, the gaps left in the data by these flags present their
own challenges. These challenges primarily stem from the fact
that if there is systematic variance between the visibilities on
Nnights different nights (e.g., one night has consistently larger
amplitude visibilities for a particular baseline compared to the
other nights, while being internally spectrally smooth), then
when averaging them together, if the averaging weights are
nonuniform across frequency for any particular night (due to
flagging), then the resulting average incurs spectral structure.
This effect is well known and studied, with a common

solution being to “inpaint” a best guess of the missing data in
order to preserve spectral smoothness. For example, H22a used
an iterative delay-based convolution filter to inpaint missing
data after averaging the raw data over nights, a technique that
was numerically validated in J. E. Aguirre et al. (2022). Other
basis sets for inpainting have been considered, including
DPSS, least-squares spectral analysis, Gaussian process
regression, and convolutional neural networks with varying
degrees of success in different regimes (see M. Pagano et al.
2023 for a comparative analysis).
One problem with the previous applications of inpainting to

HERA data is that it was applied after averaging of the data
over nights; that is, it only filled in channels for which no data
was available on any night. While this mitigates the problems
encountered when Fourier transforming the data over the
frequency axis to produce power spectra, it neglects the
problem of induced spectral structure inherent in the averaging
of nonstationary data with spectrally structured weights. This
problem was explored at length in K.-F. Chen et al. (2025).
A simple way to avoid this is to inpaint the calibrated

visibilities before averaging over nights. In this work, we
adopted the DPSS basis functions to interpolate our data. We

determine DPSS basis coefficients per-night, per-antenna-pol
and per-LST, such that each is interpolating a 1D function of
frequency. An important consideration is the half-width of the
basis functions, i.e., the delay-scale out to which to fit spectral
structure. The aim is to include all relevant foreground and
systematic effects, but not to exceed these scales by much, as
we do not wish to inpaint the scales at which we hope to
measure the cosmic signal. With this in mind, we choose to use
a half-width of

( ) ( )/= b cmax 500 ns, , 12hw

which covers all sky-based sources out to the horizon, with a
minimum buffer of 500 ns that covers the bulk of known
systematic effects, such as MC. The inpainted data takes the
value of the true measured data when the data is unflagged, and
the value of the smooth inpaint solution when it is flagged.
Unfortunately, inpainting out to such high delays means that

the behavior of the inpaint solutions within moderate-to-large
flag gaps can be poorly constrained. Naively, we are solving
for scales down to 2 MHzhw

1 , which means that gaps in the
spectrum around this size (or larger) can cause poor behavior
of the solutions within the gaps. While the solutions are
constrained to only contain power out to the horizon delay, the
final inpainted data product may have sharp transitions
between flagged and unflagged regions when the inpaint
model is not well constrained, resulting in power spilling out to
much higher delay. We thus perform some checks to ensure
that poorly behaved inpainted data is flagged before averaging
over nights.
These checks center around identifying regions of the

spectrum that are highly flagged over a wide enough region
such that the solutions cannot be trusted toward the center of
the region, far away from unflagged data. In practice, we

50 75 100 125 150 175 200 225

Frequency (MHz)

0

1

2

3

4

T
ot

a
l
N

sa
m

p
le

s
(×

10
8
)

A
fe

r
In

p
a
in

ti
n

g 56 68 80 121 131 165 176 216Band:
(MHz)

H23-1 H23-2

681015202535
Redshift

0.0

0.2

0.4

0.6

0.8

F
ra

ct
io

n
U

n
fl

a
gg

ed

Post-Inpainting Nsamples

Fraction Unflagged
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define a maximum flagged gap size (in units of channels) as
( )/=s f u , 13nmax gap nw

where fgap = 1 is a tunable scaling factor. We then convolve
the binary flags ξν ∈ {0, 1} with a triangular filter of size
s2 1max . The resulting convolved array, fcnv, represents a
‘flag density’ of the surrounding channels, between zero and
unity. We then create a new flag array by thresholding the flag
densities at fcrit = 0.4:

( )=
= >f0 0 or 0.4

1 otherwise.
14inp

cnv

Any region with more than smax contiguous flags in ξinp is
then identified as needing to be flagged.
Since we require spectrally uniform flags before averaging

(which is the entire point of inpainting in the first place),
flagging here must be for an entire spectral window per-
integration. That is, if any such large contiguous gaps exist,
any spectral windows overlapping with the gaps must be
discarded for that integration. This is the motivation for
choosing the spectral windows prior to inpainting—it allows
us to selectively flag per spectral window rather than
discarding the entire spectrum.
We flag any window that overlaps with a contiguously

flagged region of sufficient size, as described above. However,
due to the fact that we use a frequency taper when performing
power spectrum estimation (see Section 3.9), we allow flag
gaps to overlap with the outer two channels of each band
without consequence.57

Overall, these choices of spectral windows and our
procedure for flagging large gaps results in ∼10%–12% more
of the data being flagged, but our tests indicate that these
choices are conservative, i.e., they lead to no poorly
constrained solutions inside the flagged gaps.

3.8.5. Averaging over Nights

After inpainting the flagged data and determining the post-
inpainting flags, we are ready to average over nights. This
process is reasonably simple. For each unique baseline group,
channel, and LST bin, we take the weighted average,

¯ ( )=G
G GV M N V , 15pq

k

N

k k
pq1

inp, bl ,

nights

with

( )= GM N . 16
k

N

k kinp, bl,

nights

Recall that GNbl is binary: its value is either some positive
constant or zero. However, wherever it is zero, we have
inputted data via inpainting, and we treat it as being uniform in
frequency, taking its nonzero value. Furthermore, ξinp is either
all zero or all one within a particular spectral window. This
means that the combined weighting function, GNinp bl, is
uniform within each spectral window.
However, in computing the effective number of samples that

is propagated to power spectrum and covariance estimation,

we use

( )= GN N , 17
k

N

k inp bl

nights

where here ξk are the pre-inpainted flags (i.e., the flags
resulting from quality metrics, not the flags resulting from
identifying large gaps after inpainting). Thus, N is not in
general spectrally uniform within bands.

3.9. Per-baseline Systematics Mitigation and Power Spectrum
Estimation

After averaging the data over nights within narrow LST
bins, we begin the process of mitigation of instrumental
systematics, and eventually power-spectrum estimation, on a
per-baseline basis. In practice, we rearrange the data so that we
read the visibilities across all LSTs for a particular baseline,
independently identifying systematics for each baseline in
parallel.
Before any further analysis, we first remove LSTs that have

fewer than 20% integrated samples compared to the maximum
samples over all LSTs (for a particular baseline group). This
typically removes the first and last few LSTs in the dataset,
which may disproportionately affect any time-based filters
used for mitigating systematics.
Our power spectrum estimation method (which we will

describe below) does not allow for nonuniform weights over
frequency channels (but does allow for nonuniform weights
over LSTs). To avoid data weights with frequency disconti-
nuities, we use inverse noise variance weights that require the
number of samples to be constant within each spectral
window. To do this, we simply average the number of samples
within each window (per-baseline and LST). This means that
channels with fewer samples (due to flagging and inpainting)
bring down the average across the window for that particular
LST. This does not affect power spectrum estimation, in the
sense that our algorithm already ignores relative weightings
between channels. However, it does impact the estimate of the
error bars in a small way. We find that this effect is small, with
the power spectrum estimates at high delay being consistent
with the predicted thermal noise computed with this approx-
imation (see Figure 16), and we leave the handling of
nonuniform spectral weights to future work.
Following this, to avoid a noise-power bias in the power

spectrum estimate, which arises when cross-multiplying
identical (or correlated) visibilities, we split the data into four
“interleaved” datasets over the LST axis. That is, we construct
four nonoverlapping datasets from the data at hand, Vt (where t
indexes the LST bin):

{ } { } ( )= + +D V V V i, , , ... , 0, 1, 2, 3 . 18i i i i4 8

Each “interleave” spans the full LST range, at a cadence of
4Δt, where Δt ≈ 9.6 s is the LST-bin width. The following
procedures for mitigation of systematics via fringe-rate
filtering are applied independently to each interleave, in order
to prevent introduction of correlated noise between the sets.
In previous HERA upper limits, we have avoided this noise

bias by cross-correlating different redundant baselines (i.e.,
cross-multiplying the visibilities Vab and Vcd, where both ab
and cd baselines are in the same redundant group) and ignoring
“auto-baseline” pairs (i.e., *V Vab ab). While this effectively

57 This helps some bands that are adjoined to regions of continuously high
flagging fraction to not be flagged every time their first or last channel is
flagged.
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avoids the noise bias, it allows for the introduction of negative
systematics when different nominally redundant baselines
have systematics whose phases are different, as first observed
by M. Kolopanis et al. (2023) and discussed in M. F. Morales
et al. (2023). Since the probability of phase discontinuities
between adjacent times is far smaller than between nominally
redundant baselines at the same time, this risk is significantly
reduced by cross-multiplying adjacent times, and using all
baseline pairs within a redundant group (including the auto-
baseline pairs).

3.9.1. Mitigating Instrumental Coupling Systematics via Time
Domain Filtering

Two of the major systematics present in HERA’s Phase I
data were cable reflections and over-the-air coupling
(N. S. Kern et al. 2019, 2020a; J. E. Aguirre et al. 2022;
H22a; H23). In Phase II, the cable reflections have been
mitigated at the instrument level by switching to RFoF cables
with a sufficient length to push residual reflections outside the
delays of cosmological interest (≳2700 ns). However, in Phase
II, we have found an increased level of MC, which we define
as the reflection or re-emission of sky signal from one antenna
(whether from the feed or glinting off the dish) into
surrounding antennas. The cause of this increased amplitude
of MC in Phase II is likely the increased sensitivity of the new
Vivaldi feeds at low elevation angles (in other words, the
Vivaldi feeds have a larger vertical cross section than their
PAPER-style predecessors), in addition to the removal of a
cage that surrounded the Phase I feeds, which had the
undesirable effect of increased dish-to-feed reflections.
N. S. Kern et al. (2019, 2020a) developed a semianalytic, re-

radiative coupling model that produced a good phenomen-
ological match to the observed Phase I systematics, which only
necessitated a two-element coupling model to achieve noise-
limited suppression. Building on this, A. T. Josaitis et al.
(2021) and E. Rath et al. (2025, hereafter R&P25) extended the
re-radiative MC model to multi-element terms that are needed
to model the more complex Phase II coupling systematics. In
fringe rate versus delay space, where fringe-rate is the Fourier
dual of observing time (measured in mHz) and delay is the
Fourier dual of observing frequency (measured in nanose-
conds), the effect of MC can be characterized geometrically.
Since the mutually coupled signal for baseline ij can be cast as
the addition of down-weighted and delayed copies of all other
baselines that include i or j, we expect that in general, short
baselines that probe low fringe rates will correspondingly
exhibit short delays, and vice versa. For HERA’s array
geometry, this results in a characteristic “X” shape of
enhanced power when viewed in fringe-rate versus delay
space, with the center of the “X” at a delay of zero, and a
fringe-rate corresponding to the east–west projection of the
baseline ij:

( ) ( )/f w b0.85 , 19r ij,peak ,EW

with w⊕ the angular velocity of Earth’s rotation.
This geometric picture, which is laid out in detail in R&P25,

is borne out by this dataset, as can be seen in Figure 9. In this
figure, the left panel shows the amplitude of the visibilities for
the 29.2 m east–west oriented baseline group, after averaging
over both redundant baselines and nights, in the fringe-rate
versus delay space. Immediately evident is a bright central
core at zero delay and a fringe-rate of −1 mHz, which

represents the bulk of the spectrally smooth foreground
emission as observed by this (short) baseline. At a fringe-
rate of zero, there is a horizontal “bar” that captures the
nonrotating components of the observed power—in particular
the coupling of autocorrelations into cross-correlations
(N. S. Kern et al. 2019), as well as horizon-based effects such
as the “pitchfork” (N. Thyagarajan et al. 2015) and also MC
from north–south oriented baselines.
Conversely, at zero delay there is a tall vertical bar that can

be attributed to bright sources crossing the horizon. Such
sources are intrinsically smooth (and therefore appear at low
delay), but the sharp transition from below to above the
horizon spills power over all fringe rates. This has been
confirmed by a lack of such a feature in simulations in which
no bright sources cross the horizon. Finally, there is an
“X”-like feature, crossing at the center of the foreground blob,
that corresponds to the bulk of MC, as we have discussed. This
MC signal appears to be at an amplitude of ∼ 1% of the
foreground amplitude (in visibility units), nominally a factor of
∼100× the cosmic signal amplitude.
Unfortunately, while our semianalytical models of the MC

confirm our general picture of the origin of this excess power,
they are not detailed enough to enable a subtraction of the
systematic at the visibility-level. While this remains a future
goal, in this work we rely on the mitigation techniques laid out
in R&P25 and R. Pascua et al. (2024). In particular, we use a
pair of filters applied in fringe-rate space to mitigate both the
crosstalk and MC.
Since autocorrelations coupled into cross-correlations pre-

sent as excess power at zero fringe-rate, we mitigate this by
applying a “notch” filter that removes power for fringe-rate
modes within ∼10 μHz (a few bins) of zero.
We additionally apply a “main-lobe” filter, as discussed

in R&P25, to mitigate the effects of MC. We design the main-
lobe filter to nominally retain 90% of the 21 cm signal,
implemented as a DPSS filter, according to the prescription in
R. Pascua et al. (2024). In practice, the signal loss is slightly
lower than the nominal 10% target (which we correct for; see
Section 3.9.3). Figure 9 illustrates this filter by overlaying a
transparent screen over the fringe rates that are filtered out for
this particular baseline (29 m east–west).58 The filter retains
the bulk of the sky signal (the bright-red regions toward the
center) while eliminating much of the characteristic X pattern
of the MC.

3.9.2. Coherent Time Averaging

Next we coherently average the visibilities from each
interleave within larger LST bins of ∼270 s. This range is
intended to be as close to 300 s as possible while maintaining
an integral number of LST bins in each time average. When
performing this average, we first rephase each visibility (see
Equation 8) within each interleave to a common central LST
(the mean of the LSTs in all interleaves for that bin). Then we
convert the data in each interleave into pseudo-Stokes

58 Note that for this baseline, the main-lobe filter overlaps with the notch
filter, but this is not true in general, particularly for predominantly north–south
baseline orientations.
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representations, from their native instrumental polarizations:59
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Here we note that throughout the analysis we use the “sum”
convention for converting instrumental polarization to pseudo-
Stokes, as denoted in the above equation, instead of the
“average” convention, which places a factor of 0.5 on the
RHS. Absolute calibration is, by necessity, performed with
the same convention.

3.9.3. Signal-loss Estimates

The fringe-rate filters and coherent time average both induce
some level of attenuation of the cosmic 21 cm signal
(A. R. Parsons et al. 2016). In order to account for this
attenuation when reporting our limits on the 21 cm power
spectrum, we compute correction factors based on the signal
loss expected for the filters and time averaging applied to the
data. In H22a, these were computed via Monte Carlo trials
against mock data with a known signal amplitude. In this
work, we follow the procedure laid out in R. Pascua et al.
(2024), who constructed an effective “filter transfer matrix”
that represents the cumulative effect of fringe-rate filtering and
coherently averaging the data, which we then use to compute
the expected signal loss for each baseline.
While the main-lobe fringe-rate filter (designed to mitigate

MC) is designed to attenuate <10% of the 21 cm signal power,
this target is computed using a simple top-hat filter in fringe-
rate space. In practice, we use a DPSS filter, which always
extends to some extent farther than the nominal fringe-rate
window, resulting in lower than 10% loss. However, for
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Figure 9. Comparison of real data to validation simulation for a single 29.2 m east–west baseline. The top panels display data on the left and simulation on the right.
Each panel has delay on the x-axis and fringe-rate on the y-axis, with colors representing visibility amplitude. Three horizontal dashed lines are shown, at fringe rates
of zero (black), ∼−1 mHz (dark orange, representing the peak fringe rate of sky-locked power for this baseline, see Equation (19)) and ∼−2 mHz (yellow,
representing non-sky-like power). Semiopaque white overlay represents fringe rates that are filtered out using the “main-lobe” filter of Section 3.9.1. Note that the
fringe rates corresponding to the main-lobe (transparent horizontal window in this plot) shift up and down depending on the east–west projected length of the
baseline and the frequency of observation. The bottom panel focuses on cross sections of the top panels at the three dashed lines. This illustrates that while there is
some disagreement between the mean foreground amplitudes of simulation and data, the overall shape in fringe-rate/delay space is remarkably consistent, and that
the noise level (high-τ amplitude) is well matched.

59 We use the convention in which the total intensity is the sum of
polarizations, rather than their average (hence, Equation (20) does not have a
factor of 0.5). This is applied consistently during absolutely calibration.
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baselines with short east–west projections the main-lobe fringe
rates are close to zero, overlapping with the notch filter. This
increases the combined signal loss from both filters, sometimes
exceeding the target 10%.
The power spectrum estimate for each baseline is corrected

for its expected signal loss via

( ) ( )/P P L1 , 21ij ij ij

where the loss is baseline- and spectral-window-dependent,
but LST-independent. Ultimately, since the estimates of the
signal loss depend on simplified sky and beam models, we
conservatively throw away baselines within a spectral window
if the estimated signal loss is >10%. Figure 10 shows the
estimate per-baseline signal loss from the two fringe-rate
filters, with baselines outlined in red excluded from the final
power spectrum estimates. Excluded baselines tend to have
short east–west projections, as discussed.

3.9.4. Power Spectrum Estimation

Our methodology for estimating power spectra from the
LST-binned, coherently averaged visibilities we have now
obtained (still in separate interleaves) is essentially the same as
that used in both H22a and H23, and we do not repeat it here.
The only substantive difference in this analysis is that instead

of forming cross-spectra between different baselines within the

same redundant group, we form them between different
interleaves for the same redundantly averaged unique baseline.
Furthermore, to normalize the power spectrum, we use the
updated model of the Phase II Vivaldi primary beam computed
in N. Fagnoni et al. (2021a). As in H23, we use a Blackman–
Harris spectral taper when Fourier transforming the visibilities.
We note that, similarly to our previous upper limits, we do

not use empirical data covariances (including the number of
integrated samples we have thus far propagated) to weight the
power spectrum estimate. Doing so is subtle and requires great
care not to introduce signal loss (Z. S. Ali et al. 2015;
C. Cheng et al. 2018; M. Kolopanis et al. 2019), and we defer
this to future work.

3.9.5. Error Bar Estimation

Nevertheless, we do use the number of samples integrated
into each averaged datum in order to predict the errors on the
estimated power spectra arising from thermal noise. Here we
follow the same formalism presented in J. Tan et al. (2021) and
outlined in H22a, with one small correction. We calculate PN

(the expected standard deviation from pure thermal noise) for a
given baseline type, interleave pair, and spectral window as
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Figure 10. Estimated signal loss from the combined notch and main-lobe fringe-rate filters described in Section 3.9.3, as a function of baseline vector. Circles with
red outlines indicate baselines whose estimate loss exceeds the threshold of 10% beyond which the baseline is omitted from further analysis. Each panel is a different
spectral band, with low frequencies tending to induce more signal loss. Signal loss tends to be highest for north–south baseline orientations, and also grows modestly
with increasing baseline length.
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which is the same as Equation (23) of H22a, but with an extra
factor χcoh, which we will define shortly. The system
temperature, Tsys, is estimated using the antenna-averaged
autocorrelation, averaged over the band with a Blackman–Harris
weighting. Ncoherent is the band-averaged number of samples
averaged into the data, from different nights and baselines within
the redundant group (i.e., N given by Equation (17), but averaged
within the spectral window). At this stage, Nincoherent = 1.
In Equation (22), the factor χcoh is a correction factor that

accounts for the fact that neighboring LSTs within a single
interleaved stream have become highly correlated by the
fringe-rate filter applied for mitigating systematics. One can
think of this factor as being, roughly speaking, the ratio of the
timescale of the fringe-rate filter to the timescale of coherent
averaging applied. More precisely, the factor is computed per
spectral window and baseline group as follows.
First, the visibility noise variance for a particular baseline

group can be estimated from the autocorrelations using
Equation (1), where Nsamples is the sum of the number of
unflagged baselines in the baseline group for each night of
observation at the LST in question. Since the baselines have
been redundantly averaged, we construct the noise variance
estimates from the LST-stacked, redundantly averaged auto-
correlation measurement. We can pack these variances into a
diagonal noise covariance matrix for each frequency, baseline
group and interleave, k, which we denote N(ν, k) (omitting
baseline subscripts for brevity60).
The fringe-rate filter, rephasing, and coherent averaging

steps are all linear operations on the visibilities. This means we
can compose the operations into one linear operator, which we
denote as T(ν, k), which is diagonal in frequency for a given
spectral window and operates independently per interleave. N
is a diagonal square matrix of size (NT, NT) for each ν, k, and
baseline group, where NT is the number of times in one
interleave at the LST-binning resolution. T is a rectangular
matrix of size (Nt, NT), where Nt is the number of times in an
interleave after fringe-rate filtering and coherent averaging.
Note that Nt ≠ Nincoherent because some LSTs are not used in
the incoherent average. The noise covariance matrix can be
propagated through these processing steps as

( ) ( ) ( ) ( ) ( )†=N T N Tk k k k, , , , . 23

From this, we can define a correlation matrix at each frequency
and interleave elementwise as

( ) ( )
( ) ( )

( )=k
N k

N k N k
,

,

, ,
. 24tt

tt

tt t t

The correction factor at a given frequency and interleave is
then defined as

( ) | ( )| ( )=k
N

k,
1

, . 25
tt

ttcoh
t

2

This factor can be thought of as the ratio of total number of
coherently averaged times to the “effective number of

independent times” in the sense that it can be used to preserve
the variance of the χ2 statistic without explicitly modeling the
correlations.61 It turns out that χcoh(ν, k) is very smooth as a
function of frequency and varies little across different
interleaves. So, to save on computational cost, we calculate
this for every tenth frequency channel in the spectral window
and average over the values computed for each of these
frequencies and across interleaves. The correction factor is
then applied to the noise variance, PN. However, because these
power spectra still have noise that is correlated in time, an
additional correction factor will need to be applied after
incoherent time averaging, as we discuss below.

3.9.6. Incoherent Power Spectrum Averaging

Finally, we average the power spectrum estimates over both
LSTs and interleaves for each baseline.
First, we average over LSTs between 1.25 and 5.75 hr. As

described in Section 2.2, we choose this range of LST because
it is well covered over all of the nights in our dataset and
avoids some strong high-rotation-measure sources entering our
main beam (e.g., B0628-28; see Figure 2). LSTs outside this
range were found to exhibit spurious high-delay spectral
structure, either due to polarization leakage from these sources,
or perhaps strong MC from bright sources in primary-beam
side-lobes. For these limits, we conservatively choose to
ignore these LSTs, though in the future we will seek to
mitigate the structure in the extended LST range.
When incoherently averaging (whether over LSTs or other

axes), we always weight each sample by its inverse noise
variance, PN

2. We furthermore update PN in the resulting
average accordingly:

( )=P
P

. 26N
N

avg coh
2

The factor of χcoh from Equation (25) accounts for the fact that
power spectra still have correlated noise in time (due to the
fringe-rate filter), and it is only applied to the incoherent
average over LSTs. For averages over baseline or interleaved-
pairs, it is taken to be unity.

3.9.7. Refined Error-bar Estimation

Due to cross-terms between the signal (including fore-
grounds) and noise, the variance of the measurement includes
a term proportional to the signal power, along with the pure-
noise power quantified by Equation (22). As was shown in
J. Tan et al. (2021), and used in H23, the variance of p̂,
excluding cosmic variance, can be written

( ˆ ) ˜ ( )= +p P P P PVar 2 27s N NSN
2 2

ˆ ( )/+P P P P2 , 28s N N N
2 2

where Ps is the signal power (including foregrounds), and P̂s is
an estimate of that power from the same noisy data that goes
into p̂. J. Tan et al. (2021) showed that subtraction of /PN

2

accounts for double-counting of this noise power, yielding
unbiased estimates of the variance for power spectra that have
been incoherently averaged. In this work, to reduce this
double-counting, we calculate Ps for interleave k by using all60 The calculation of χcoh does not mix frequency channels or interleaves until

the very last stage, so we keep these as functional dependencies throughout
this derivation. However, baseline groups are never mixed, and so we omit
these for notational clarity.

61 https://reionization.org/manual_uploads/HERA132_chi_square_with_
correlated_random_variables.pdf

22

The Astrophysical Journal, 998:33 (44pp), 2026 February 10 Abdurashidova et al.

https://reionization.org/manual_uploads/HERA132_chi_square_with_correlated_random_variables.pdf
https://reionization.org/manual_uploads/HERA132_chi_square_with_correlated_random_variables.pdf


other interleaves, i.e.,

ˆ ( )=P
N

p
1

1
, 29s k

k k
k,

intpairs

where p̂ is the LST-averaged power spectrum. This reduces
the double-counting correction by a factor of Nintpairs − 1,
where the number of interleave pairs is Nintpairs =
Ninterleaves(Ninterleaves − 1)/2 = 6. To de-bias the estimate of
the variance at high delays, where the signal is subdominant to
the noise, we therefore subtract a modified correction term:

( ˆ ) ˜ ˆ
( )

( )= +p P P P P
P

N
Var 2

1
. 30s N N

N
SN
2 2

2

intpairs

We use this estimator for our error bars throughout the rest of
the paper.
Finally, we incoherently average over the Nintpairs interleave

pairs, again weighting by PN
2 . We find that histograms of the

power normalized by PN for τ > 1000 ns on any particular
baseline are very well described by a standard normal
distribution, as expected.

3.10. Cylindrical and Spherical Averaging

Our ultimate products from this analysis are cylindrically
and spherically averaged power spectra. Similarly to the
analysis of previous limits, we focus on the spherically
averaged spectra and use the cylindrically averaged spectra
predominantly as a diagnostic of systematics. However, we
note that for data more sensitive than that reported here, it will
become more important to consider the cylindrical PS when
performing inference due to anisotropies caused by redshift
space distortions (D. Breitman et al. 2025, in preparation).

3.10.1. Error Covariance and Window Functions

Thus far we have used only the variance, PN
2 , to weight

incoherent averages, treating correlations between the aver-
aged samples in an approximate way.62 While this has been
justifiable for averaging over LSTs and interleaves, we will
soon be averaging over delays, which are known to be highly
correlated due to the application of a Blackman–Harris
frequency taper.
Here, we describe how we model the covariance of our data,

as well as the window functions that relate the true underlying
power spectrum to the measurements. In principle, the data is
correlated between LSTs, baselines, and delays, resulting in
very large and computationally demanding covariance
matrices. However, we have already treated the correlation
between LSTs approximately via the coherent-average correc-
tion factor χcoh, and the correlations between baseline types
are negligible. In that case, the covariance of the LST-
averaged data can be defined as an Nτ × Nτ-matrix per
baseline and spectral window, which greatly reduces computa-
tional complexity.
The true data covariance depends in a nontrivial way on the

data-inpainting process (see Section 3.8.4), which fills flagged
channels using information from surrounding channels (K.-
F. Chen et al. 2025), correlating neighboring delays in the
power spectra. Nevertheless, we find that the effects of

inpainting on the covariance are negligible; not only are our
spectral windows specifically chosen to minimize the amount
of inpainting required, but the integration times with large gaps
are completely flagged. Moreover, the main application of the
error covariance in this work is to help us correctly combine
neighboring delay bins to reduce residual correlations (see
Section 3.10.2). In this regime, the correlation is dominated by
the frequency taper.
Given these considerations, in this work we choose to model

the power spectrum covariance simply using the frequency
taper:

( ) ( ) { } ( ) ( )= F WP PC , 31SN SN BH
2 2

where F denotes the Fourier transform over frequency. We
found that this approximation is accurate to within a few
percent for the four delay–delay bins closest to the diagonal.
To understand the relationship of the true underlying power

spectrum to the measurements, we also need to compute the
window functions. Exact window functions in the absence of
data defects such as flags were derived in A. Gorce et al.
(2023). The generalization of these window functions to the
case in which flagged gaps are inpainted per-night, as we have
done in this analysis, is presented in K.-F. Chen et al. (2025).
They found that for the flagging patterns characteristic of this
dataset, accounting for per-night inpainting results in differ-
ences of <1% in the FWHM of the window functions. We
ignore this small effect for the sake of computational
performance, using the formalism of A. Gorce et al. (2023).
Figure 11 shows an example of the window functions of this

dataset, for the lowest-frequency band (z = 24.4), after delay
binning and spherical averaging (which are described in the
following subsections). In Figure 11 we explicitly show
the window function values at the k-modes at which they are
calculated as circle markers. Importantly, since we estimate the
window functions at the same k-resolution as the power
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Window Functions at z = 24.4

Figure 11. An example set of window functions at z = 24.4. The window
functions are computed only sparsely, at the circular markers, and are
interpolated at third order in log-space. The window functions are largely
symmetrical down to the 0.01% level, and are generally ∼3% at the
neighboring k-mode.

62 That is, we ignored correlations between interleaves, and treated
correlations between LSTs within a single interleave via the “effective”
correction, Equation (25).
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spectra, they are rather sparse, dropping to 10−4 of the
maximum within two k-bins. When computing the FWHM
(which we use only to indicate horizontal error bars in
Figure 16, and for no analysis purposes), we interpolate with a
cubic spline in log-space (as visualized in Figure 11), which is
a good approximation to the analytic form of the window
function as presented in A. Gorce et al. (2023).

3.10.2. Delay Binning

Our upper-limit likelihood, as presented in Section 6.2,
assumes each k-mode to be uncorrelated. As described in
Section 3.10.1, for a particular baseline, the power spectrum
estimate between two k|| modes is in general correlated, with a
correlation length of ∼4 modes. We reduce correlations
between neighboring k-modes by averaging within wider
k||-bins, each containing four modes, using a weighting kernel

{ }=K 0.02, 0.48, 0.48, 0.02 . This particular kernel was
chosen such that the resulting correlations between neighbor-
ing (averaged) k-bins are <1%.63 The τ = 0 mode is left un-
averaged, so that the first bin corresponds to the first four
positive delay modes, and the positive and negative delays are
kept symmetrical.
The delay–delay covariance is also binned appropriately:

( )= + +K KC C , 32mn
i j

i j m i n j
1 , 4

4 ,4

resulting in re-binned error bars PSN derived from the diagonal
of the binned covariance, and re-binned window functions:

( )= KW W . 33uk k
i

i k k, , ,
1 4

, ,m

3.10.3. Cylindrical Averaging

Given the per-baseline delay spectra p̂ij, the cylindrically
averaged power is given by first averaging together the
negative and positive delays, and then averaging together all
baselines of the same length (within a 1 m bin). Each average
is weighted by the noise variance PN

2 (which itself is averaged
in the same way). The resulting 2D power spectrum has
irregularly spaced bins of k⊥.

3.10.4. Spherical Averaging

Finally, we perform spherical averaging into bins of kk
of width 4Δk|| (where Δk|| is the natural bin width of each
delay bin prior to delay averaging), starting at 3Δk|| and
ending at k = 2.5 h−1 Mpc. These bins are designed such that
the range of delays covered by each delay-averaged delay bin
across all baselines is predominantly kept within a single
spherical bin.

3.11. Summary of Important Analysis Differences

While many of the core techniques have remained the same
between HERA’s first two limits and this work, a number of
techniques and decisions have changed. Some of these stem
from the differing instrumental characteristics of the Phase II
instrument, while others reflect improvements in our under-
standing of systematics, or the implementation of their

mitigation. Here, we list all major changes and improvements
in the pipeline in a compact way, for easy reference.

Absolute Calibration. In previous limits, we performed
absolute calibration using pre-calibrated visibilities observed
during quiet skies. Here, we use simulated visibilities, based
on a tailor-made sky model including both diffuse and
compact sources, allowing us to cover more LSTs. Our solver
has also received a significant upgrade, making it far more
robust to large differences in phase between the data and the
model when estimating phase-gradient degeneracies.

Deeper RFI Flagging. For these limits, our RFI flagging is a
deeper, multistage process that begins with rough flags on
single integrations, and progresses to deeper cuts based on full
nights of data, averaged over baselines. This allows us to more
precisely flag frequency-dependent artifacts that would other-
wise go undetected.

Coherent Redundant Averaging. In previous limits, we
conservatively did not average nominally redundant visibili-
ties, instead incoherently averaging the data from these
baselines after power spectrum estimation. Here, we perform
coherent redundant averaging, resulting in a considerable
increase in efficiency of the downstream pipeline.

LST-calibration. For the first time, in this work we utilize
our prior that night-to-night observations at the same LST
should be consistent up to thermal noise and calibration errors
to perform limited gain corrections informed by the full set of
nights. This increases consistency between nightly visibilities,
minimizing the spectral structure induced in the average over
nights due to frequency- and night-dependent flags.

Per-night inpainting. In previous limits, we performed
spectral inpainting only after averaging visibilities over nights.
This was done to enable our power spectrum estimator, which
is currently unable to handle nonuniform spectral weighting.
However, ill effects from nonuniform weighting arise when-
ever averaging is done, long before power spectrum estima-
tion. In this work, we inpaint each night independently, before
averaging them together, to mitigate this spectral leakage.

Fringe-rate Filtering. In past HERA limits, signal-chain
systematics such as cable reflections and over-the-air crosstalk
have been mitigated by fitting models in delay space using a
CLEAN-like algorithm (J. A. Högbom 1974; N. S. Kern et al.
2020b). This has the notable drawback that the cleaning is a
nonlinear transform, so error bars and window functions are
difficult to propagate. Here, we utilize a linear DPSS model in
2D fringe-rate/delay space to mitigate such systematics,
including MC, which has an increased amplitude in this data.

Time-interleaving. Forming power spectra by cross-multi-
plying the same visibilities leads to noise bias. In previous
upper limits, we have avoided this by cross-multiplying
different redundant baselines. Here, since we coherently
average visibilities within redundant groups, we instead use
the approximate redundancy between adjacent 10 s integra-
tions to form our cross-pairs. This also reduces the risk of
incurring negative systematics due to decorrelation of
systematic phases between nominally redundant baselines, as
observed in M. Kolopanis et al. (2023) and described in
M. F. Morales et al. (2023).

Delay binning. For past HERA limits, we have formed
spherically averaged power spectra in which the spherical bins
had a width of about two native bins of k|| under the delay
approximation. Since adjacent spherical bins were correlated
—a property that our so-called ‘upper-limit likelihood’ cannot

63 We find that up to 10% residual correlation does not affect the posteriors
derived from our ‘upper-limit’ likelihood, which assumes zero correlation. We
discuss this at greater length in Section 6.2.
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handle—we then removed every second k-bin. In this dataset,
we instead bin delays in the cylindrically averaged spectra
with a weighting kernel specifically designed to suppress
correlations between adjacent bins to below 1%. We then
spherically average the resulting binned spectra.

4. Validation and Statistical Tests

4.1. Validation of the Analysis Pipeline

Similarly to previous HERA upper limits, we performed
detailed checks of our analysis pipeline for this work via
realistic simulations (for similar validation methodologies
employed for other 21 cm experiments; see, e.g., J. L. B. Line
et al. 2024, 2025). Much of the framework used for this
updated validation effort remains consistent with our original
framework, which was detailed in J. E. Aguirre et al. (2022).
However, there are a number of components that have been
updated for this analysis, and we highlight these components
before presenting the results of these detailed checks in
Section 4.1.1.

4.1.1. Pipeline Validation Methodology

To validate our analysis pipeline, we produced a realistic
simulation of our data, closely matching the detailed observa-
tional characteristics of the entire dataset. In broad terms, this
simulation includes full-sky models of unresolved point
sources, diffuse Galactic emission, and the cosmic 21 cm
signal, passed through an accurate visibility simulator includ-
ing the full 350-element hexagonal core of the HERA array
coupled with an electromagnetic simulation of the Phase II
primary beam (N. Fagnoni et al. 2021a). We produced these
“ideal” simulations for the exact same channels, polarizations,
and time stamps as the full dataset, and added instrumental
systematics and noise to them: for example, a bandpass shape
and MC (see below). We then passed this mock data through
almost the exact same analysis pipeline as the real data. Given
that the systematic effects included in the simulation conform
to the assumptions of the analysis pipeline, the purpose of this
effort was not to investigate the optimality of our analysis
choices, but rather to check for subtle inconsistencies in the
analysis that produce artifacts in the end result.
In comparison to J. E. Aguirre et al. (2022), there are a

couple of novel aspects to the simulations performed for this
work. The first is that the “ideal” simulations incorporate all
350 of HERA’s antennas, whereas in our previous simulations,
we produced only the antennas that appeared in the Phase I
datasets. Simulating all 350 antennas means that our simula-
tions can be adapted for future datasets for which an increasing
number of antennas will be online. However, this came with a
significant computational cost, since naively the compute
scales as Nant

2 . To alleviate this cost, we used the new fftvis
simulator (T. A. Cox et al. 2025) instead of the matvis
simulator (P. Kittiwisit et al. 2025) used in previous limits.
This simulator uses fast nonuniform fast Fourier transform
(FFT) algorithms as implemented in the finufft64 code
(A. H. Barnett et al. 2019) to compute the radio interferometer
measurement equation (RIME; O. M. Smirnov 2011), lever-
aging the N Nlog scaling of FFTs to achieve high performance
with arbitrary precision. For the simulation configurations that
we required for this work (350 coplanar antennas, and sky

models with a number of sources equivalent to a HEALPix
map; K. M. Górski et al. 2005; with Nside = 1024), we found
that fftvis on CPU completed in a comparable amount of
walltime as matvis on GPU.65 Given that CPUs are vastly
more available than GPUs at this time, this represented a
significant increase in efficiency, allowing us to produce three
full simulations (point sources, diffuse Galactic emission, and
21 cm signal) each with 12.5 million sources, 350 antennas,
1536 frequency channels, and 17,280 time stamps. We refer
the reader to T. A. Cox et al. (2025) for further details on the
fftvis simulator, and its strengths and limitations.
Our sky models consist of three components. The diffuse

Galactic sky is simulated using the pygdsm software, using the
GSM sky model (A. De Oliveira-Costa et al. 2008). The native
resolution of the GSM sky model is Nside = 512; we smooth this
map with a Gaussian filter of size 1° to avoid aliasing, before
up-sampling to Nside = 1024. The point sources have two
components: first, as in J. E. Aguirre et al. (2022), we include
the so-called “A-team” sources—10 of the brightest compact
sources on the sky (Centaurus A, Hydra A, Pictor A, Hercules
A, Virgo A, Crab, Cygnus A, Cass A Fornax A, and 3C44) with
a maximum flux density of 11,900 Jy and minimum flux density
of 60 Jy at 200MHz. The positions, fluxes, and spectral indices
of these sources are taken from the GLEAM survey (N. Hurle-
y-Walker et al. 2016), with the exception of Fornax A, whose
position is taken from its host galaxy, and whose flux density is
taken from B. McKinley et al. (2015). Second, we add
12.5 million randomly drawn sources from the flux-density
distribution reported in T. M. O. Franzen et al. (2019), using
GLEAM data. These sources are uniformly placed on the sky.
This model statistically corresponds to the true sky, but is
clearly not representative of the realization of the true sky. This
does not affect our fundamental purpose for these simulations:
to validate the analysis pipeline for 21 cm power spectrum
estimation. Finally, our 21 cm signal model is a Gaussian
random field following a power-law power spectrum with
spectral index of −2.7. We compute the redshift-dependent field
as HEALPix maps using the redshifted_gaussian_
fields66 code (Z. E. Martinot 2022). The amplitude of the
21 cm power spectrum is tuned such that, given the known
noise levels of the data, we expect it to be subdominant to
foregrounds at low-k, subdominant to thermal noise at high-k,
but dominant at intermediate k (∼0.5–1 hMpc−1). While this
is clearly unrealistic, it should not affect the analysis pipeline,
and offers the chance to understand how the pipeline behaves
in a detection scenario.
After producing the ideal simulations, we interpolated the

visibilities to the precise time stamps of the observed dataset
(individually for each of the 14 nights). Following this, we
added thermal noise with an amplitude given by the radiometer
equation with Tsys = TFG + Trcv, where TFG was equivalent to
the simulated autocorrelations, and Trcv was set to a frequency-
and time-independent value of 100 K.
An important new addition to these simulations is MC. We

used the first-order semianalytical model of MC first defined in
A. T. Josaitis et al. (2021) and extended in R&P25 to inject
this systematic. In this model, the first-order coupled
visibilities V(1) are related to the uncoupled visibilities V(0)

64 https://github.com/flatironinstitute/finufft

65 These simulations and scaling tests were performed on the Bridges-2
Regular Memory HPC at the Pittsburgh Supercomputing Center, via the
ACCESS supercomputing scheme (T. J. Boerner et al. 2023).
66 https://github.com/zacharymartinot/redshifted_gaussian_fields
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through a traceless coupling matrix X via

( ) ( )( ) ( ) ( ) ( ) †= + +V V XV XV . 341 0 0 0

In each term, the rows and columns of the matrix index over
antenna-polarization pairs, so this provides a fully polarized
description of the coupling to first-order in the coupling
coefficients. Each term in the coupling matrix is computed
analytically from a model of the uncoupled beam, a model of
the reflection coefficient at the feed-load interface, and
information about the antenna positions and sampled frequen-
cies, as described in R&P25. When creating mock data for a
particular night, we first apply MC using all of the baselines
formed with the antennas that were taking data on that night.
After applying MC, we then perform a down-select to only
keep antennas that were not flagged for the entirety of the
night. The bandpass we applied to the ideal data was derived
from a fit to lab measurements of the signal chain bandpass.
With these systematics applied, our mock data are a good

approximation of the real data. This is illustrated in Figure 9,
which compares the mock data to real data, represented in
fringe rate versus delay. In the top panels, both data and
simulation are displayed as amplitude waterfalls in fringe-rate/
delay, for a 29.2 m baseline of east–west orientation (two units
east–west in the HERA hexagon), and east–east polarization.
Following J. E. Aguirre et al. (2022), in this work we did not

simulate RFI. RFI is an incredibly complex systematic whose
joint statistical distribution over the various axes of the data
(frequency, time, baseline, etc.) is very poorly understood.
Instead of attempting to simulate this systematic, we instead
opt to inject the flags obtained via quality metrics on the true
dataset into the mock data. This allows us to robustly test the
impact of flagging gaps on our analysis, but means we cannot
explore the impact of residual unflagged RFI in the data.
Ultimately, we passed the mock dataset through almost the

same analysis pipeline as the true data. The only differences in
the pipelines centered on the injection of flags that we just
described. While we ran all of the flagging algorithms on the
mock data, we did not expect them to detect any significant
outliers—and this is indeed what we found. After the flagging
steps, we copied the true data flags into the mock data, and
continued the analysis and power spectrum pipeline identically
for both true and mock data.
The resulting spherically averaged power spectrum esti-

mates for the mock data are shown in Figure 12, in comparison
to both the analytic input power spectrum, and also a power
spectrum estimate in which the mock data consisted of purely
the 21 cm signal without noise or systematics (but observed
through the full instrumental pipeline). The 21 cm realization
is generally in very good agreement with the input analytic
spectrum, with cosmic variance at the largest scales causing
some deviations (see black crosses in lower panel for ratios of
21 cm-only realization to input theory). We recall also that the
21 cm signal has been boosted to enable testing different
regimes: at low-k, the foregrounds dominate (resulting in
noticeable excess power with respect to the 21 cm signal), at
high-k, the noise dominates (indicated by the dashed black
line), but at k ∼ 0.5–1 hMpc−1, the boosted 21 cm signal is
marginally detectable. The bottom panel of each subplot in
Figure 12 shows the ratio of the power spectrum estimates
from the full mock data to the analytic form input into the
simulations (corrected for expected aliasing and approximate

instrumental window functions67). Here, blue symbols indicate
estimates within 2σ of the analytic input and orange the
converse. Furthermore, triangles indicate points that are
consistent with zero at the 2σ level (these are marked at
the amplitude of the 2σ upper limit) while circles represent the
converse, i.e., mock 2σ detections.
We expect that, due to spectral structure from systematics

such as MC, and our imperfect demarcation of foreground-
dominated modes when performing spherical power spectrum
averaging, low-k modes may have some detections dominated
by foregrounds. This is indeed what is seen in the lowest five
bands (highest redshifts), where the first 1–3 k-modes are
orange circles. While such biased detections are problematic if
interpreted as detections of 21 cm signal, in this paper—as for
previous limits—we adopt a conservative likelihood that
essentially treats all estimates as upper limits regardless of
their thermal noise. In this case, we are most concerned with
orange points whose ratio to the 21 cm-only realization is less
than unity—i.e., points that display statistically significant
signal loss. No such points are evident in our validation tests.
This gives us confidence that our analysis techniques are
accurate.

4.2. Mutual Coupling as the Dominant Systematic

We have claimed several times that MC is the dominant
residual systematic in our spherically averaged power spectra
at medium delays of 300 ns < τ < 600 ns, and that this effect
has been enhanced significantly in Phase II compared to
Phase I.
That MC is an important component of the Phase II data is

visually evident in Figure 9, where a simulation of data with
MC included via the first-order model of R&P25 is compared
to real data, and the signature of MC is clearly visible in both.
However, this does not demonstrate that this effect is new in
Phase II. Neither does it necessitate that MC is an important
effect in the final spherically averaged power spectrum
estimates, since it should be at least partially mitigated by
the fringe-rate filter illustrated in that very figure.
To establish that MC is indeed expected to be the dominant

systematic at scales just outside the foreground wedge, we
performed like-to-like simulation comparisons between Phase
I and Phase II with and without MC. We show the results in
Figure 13. In this plot, the simulations include only diffuse
foregrounds in the sky model as well as thermal noise, and we
show just one spectral window, centered at z = 9.9. MC, is
modeled using the first-order coupling model of R&P25,
which depends crucially on the sensitivity of the primary beam
at the horizon, as well as the layout of the active antennas.
Phase I simulations include the antennas active during Phase I
measurements (e.g., H23), and use a model of the Phase I
primary beam simulated with CST (N. Fagnoni et al. 2021a).
Phase II simulations include all antennas active in this analysis
and the primary beam simulation discussed in Section 4.1.
While the MC is computed using the set of antennas just
described, the power spectra are estimated using a subset of

67 The effect of the window functions is most evident at k’s inside the wedge,
where the asymmetry in the window functions there (see Figure 11) moves
power to higher k. There are two (effectively competing) effects at higher k:
the aliasing of intrinsic power above the Nyquist sampling in frequency to
lower k (discussed in J. E. Aguirre et al. 2022), and the behavior of the
correlator, which integrates over the power in a frequency channel, rather than
sampling it at the midpoint, as had been calculated previously. All of these
effects are small in the k-range shown here.
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baselines that is the same in all cases, in order to maintain the
same signal-to-noise. The data is passed through a fringe-rate
filter, as described in Section 3.9.1 to mitigate MC in the
spherical power spectrum estimate.
Comparison of the dark- and light-pink hexagons at low k

shows that adding MC to the visibilities results in significant
extra power. Since the only difference between these points is
that one is uncoupled and the other is coupled, we can
reasonably conclude that—despite mitigation by fringe-rate
filtering—MC is the dominant cause of excess power just

outside the wedge.68 The similarity between the shape of the
excess power at lower k in Figure 13 and that seen in the real
data (Figure 16) suggests that MC is a likely culprit for this
excess power in the data.
Conversely, comparison of the dark-pink hexagons to the

dark-blue triangles reveals that—at least insofar as the first-
order model of MC reflects reality—the magnitude of MC is
significantly increased in Phase II with respect to Phase I. The
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Figure 12. Comparison of estimated power spectra from end-to-end validation simulations (pink circles with error bars) to input analytic 21 cm power spectrum
(blue solid line) and EoR-only realization based on this analytic spectrum (blue crosses). The black dashed line is the estimated 1σ thermal noise level, computed
using the measured autocorrelations and number of samples integrated together. Each subplot is a different spectral window, representing a different redshift. The
bottom panel of each subplot shows the ratio of the power spectrum estimate to the input theory. In this panel, blue points indicate estimates that are consistent with
the truth to within 2σ, while orange points are inconsistent at this same significance. Triangles represent 2σ upper limits (i.e., points whose estimate is consistent with
zero to within 2σ) while circles represent the converse (detections of nonzero power at 2σ). While all orange points indicate the presence of systematics beyond the
noise level, and are therefore of some concern, our primary concern here is orange points with a ratio of less than unity, as these indicate significant signal loss. No
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68 This fact is not as readily evident in Figure 12, since the low-k modes are
often dominated by the artificially enhanced 21 cm power.
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reason for this increase, according to the first-order MC model,
is the increased sensitivity of the Phase II antennas to the
horizon.

4.3. Statistical Tests of Power Spectra

As in previous data releases, we perform a series of tests to
check that the statistical behavior of the power spectrum
estimates is consistent with the ‘null hypothesis’ interpretation
that random noise dominates our measurements far outside the
foreground wedge. If the null hypothesis was rejected in a
significant way by any of our tests, and given that a
cosmologically viable 21 cm power spectrum detection is
expected to be at least an order of magnitude below our present
sensitivity level, we would have cause to suspect that
systematic contamination remained in our data. Since we
marginalize over large positive systematic effects for our
cosmological analysis, the presence of systematics in this
analysis is less problematic than in a detection scenario, where
the precise value of the power spectrum is important, and more
detailed systematic models would be necessary. In this context,
these null tests mainly act to point us to portions of the analysis
that may show what these systematic effects are, so that we can
better remove or model them in future analyses where it is
more critical to do so.
At the same time, we do note that our validation tests (e.g.,

Section 4.1) indicate that no modeled systematics dominate
beyond medium k (though several known effects were omitted
from the simulations, including low-level residual RFI, sky
model errors, and nonsmooth bandpasses). Positive systema-
tics that may contribute at lower k include MC, low-level RFI,
and inpainting residuals.

4.3.1. Test of Sensitivity to Choice of Spectral Windows

In Section 3.8.3, we present a set of spectral windows
chosen to minimize spectral structure introduced by high
flagging fractions. To ensure that our results are not finely
tuned by these choices, we conduct a statistical test to examine
the robustness of our power spectra against variations in the
definition of spectral windows.
This test is carried out as follows. For each spectral window

and the visibility data that have gone through all of the analysis
steps until Section 3.9.4, we take two subsets of the frequency
channels, one with the upper 10 channels removed and the
other with the lower 10 channels removed. We then form two
power spectrum estimators and take the difference. As the
foreground emission is chromatic, the difference is not noise-
like in the foreground-dominant regime. We therefore examine
only the statistics of the power spectrum difference for |τ| >
1500 ns. To do this, we generate 100 realizations of noise-only
visibility data following Equation 1, using Nsamples from the
LST-binned data (Section 3.8.5). These noise simulations
undergo the exact same analysis pipeline as our data and are
used to estimate the expected behaviors of the difference
between the two sub-band power spectrum estimators at high
delays.
Between LSTs of 1.25 and 5.75 hr, for the eight spectral

windows, we find that 90.90%, 93.27%, 95.55%, 89.69%,
95.77%, 97.88%, 95.47%, and 94.13% of high-delay bins are
within the 2σ confidence interval given by the noise-only
simulations, compared to the expected 95% if they were purely
noise-like. For almost all spectral windows, the agreement
with the noise is very strong. We see that the deviation is
slightly larger for the two spectral windows at the low-
frequency end and for the spectral window centered at
z ∼ 10.8. The z ∼ 10.8 spectral window is the narrowest
among the eight windows and thus is subject to the largest
statistical fluctuations because it has the least number of delay
bins. Meanwhile, the evolution of foregrounds within the
spectral window is larger at lower frequencies. Overall, this
test indicates that our results are robust against variations in
the definition of spectral windows.

4.3.2. Test of Signal Loss due to Nonredundancy

Our pipeline makes strong use of the assumed redundancy
of different baselines, both for increasing sensitivity and for
calibration (see Section 3.3.2). However, several physical
factors can lead to baselines that have assumed redundancy to
have considerable nonredundancy: for example, variations in
antenna positioning, pointing offsets, and antenna primary
beam variations. This typically results in baselines within a
redundant group containing a distribution of phase offsets from
their common mean. These phase differences lead to
decoherence when “redundantly” averaging visibilities (see
Section 3.7), resulting in a loss of power and therefore signal.
We estimate the extent of the loss in the same way as H22a
and H23, by forming the statistic

ˆ ( )/= = =L P P1 , 35nonred coh
0

incoh
0

where Pcoh is computed by first coherently averaging
visibilities within a baseline group, and then forming power
spectra (which is the approach used to generate the upper
limits we report in this paper), and Pincoh is formed by first
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Figure 13. Simulated power spectra demonstrating the difference in mutual
coupling between Phase I (blue) and Phase II (pink). Data selection parameters
have been adjusted to provide datasets with comparable noise levels (dashed
black line): details are described in the text. Mutual coupling (dark points) is
simulated using the re-radiative model (A. T. Josaitis et al. 2021) with the
amplitude set by the antenna horizon gain, which is much higher for the Phase
II Vivaldi antenna. The data is passed through a fringe-rate filter, as described
in Section 3.9.1 to mitigate mutual coupling in the spherical power spectrum
estimate. The larger coupling results in the excess seen at lower k, which is
morphologically similar to the actual result in Figure 16.
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computing power spectra for each baseline (as an auto-pair
with itself), and then averaging over these baselines.
This statistic has some desirable properties under a model in

which the data consists purely of an underlying signal Vtrue,
thermal noise n drawn from a complex Gaussian distribution
with a standard deviation of σ = |Vtrue|/SNR, and in which
each visibility with a nominally redundant group has an
additional phase offset foff assumed to derive from its
nonredundancy:

( ) ( )= +V V i nexp . 36model true off

In the limit of a wide distribution of foff, regardless of the
SNR, the signal loss tends toward unity (i.e., 100% loss).
Furthermore, for high-SNR measurements, the statistic tends
toward an unbiased estimate of the true signal loss (defined
as /P Vcoh true

2 ).
Nevertheless, this statistic is not without its problems. The

most obvious source of problems is when the data does not
conform to the assumptions of the simple model in which it
has the desirable properties: for example, when there are large
phase differences between the visibilities, but they arise
primarily due to non-21 cm sources, such as bright sources in
the side-lobes of the primary beam. Unless these phase
differences enter via errant gain calibration due to these
sources, any signal loss resulting from such an effect would be
limited to loss of foreground signal, rather than the diffuse all-
sky 21 cm signal. In H22a and H23, this was overcome by
selecting the quietest skies at which to evaluate the statistic
(around the Galactic ant-center). This is not possible in this
analysis, since we do not observe this field; we instead simply
measure the loss for all LSTs in our full range of 1.25–5.75 hr.
Additionally, while the estimator is unbiased under this

model for high-SNR data, it is not unbiased for low-SNR
data,69 generally leading to higher predictions for the loss than
it should have. Low-SNR can occur either when the noise is
large, or when the signal is small. The former effect was
largely overcome in H22a and H23 by including only highly
redundant baselines, limiting those considered for computing
the signal loss to <60 m. We follow this approach in this
analysis. The latter effect (low SNR due to low signal) can
arise at particular LSTs where the signal drops to brief “null.”
This was overcome in H22a by smoothing Pincoh along the
LST axis with a 1 hr window. We do the same in this work.
Finally, there is a curious effect in which, for moderate SNR

and a wide range of per-baseline variance (stemming from
different per-night flags on each baseline), the statistic can
predict signal gain (when no such gain is present). The relative
occurrence of this effect (under the toy model) is strongly
dependent on the SNR of the data, the distribution of numbers
of unflagged nights within a baseline group, and the size of the
baseline group (the smaller the group, the more likely an
estimate of signal gain) and is less sensitive to the distribution
of phase offsets within the group. We find (relatively rare)
occurrences of this signal gain both in simulations of the toy
model, and in real data.
After these considerations, we ultimately compute a signal-

loss estimate for each baseline group shorter than 60 m (and
that also passes the criterion of having lower than 10% signal
loss from the time-based filtering; see Section 3.9.1), for each

polarization (XX and YY), each LST between 1.25 and 5.75 hr,
and each spectral window. As in H22a and H23, our
assumption is that the true signal loss on the 21 cm component
is very similar between baseline groups, polarizations, and
LSTs (due to isotropy of the 21 cm signal, and the likely time-
invariance of the sources of nonredundancy). Thus, we obtain
a single loss per spectral window, as an estimate of the true
underlying loss that is consistent across baselines, polariza-
tions, and LSTs.
Figure 14 shows histograms of the loss for each spectral

window, where the samples for each histogram come from
different baseline groups, polarizations, and LSTs. These
histograms exhibit a peaked structure, with long negative tails
(out to high signal loss), and short positive tails (including small
signal gains). We have confirmed that the long negative tail is
dominated by the lowest-SNR measurements, which calls into
question whether they should be given full consideration when
deciding a final single loss per spectral window (given the known
biases for low-SNR measurements from the toy model). On the
other hand, high-SNR measurements still have a spread in their
estimated signal loss that we have found to be highly correlated
in LST (i.e., certain sky distributions tend to produce particular
loss estimates that can differ from other skies, even if both are
high-SNR). The details of the physical source of the fluctuations
in the loss estimate as a function of LST and polarization are of
great future interest, but in this work, we take the same approach
as H22a and simply use the median of all measurements in the
spectral window as our final loss estimate (shown as black
vertical lines in Figure 14). The median down-weights the long
negative tail, which we have reason to be skeptical of, while
capturing the main information coming from the measurements.
Regardless of the particular merits of our choice of using the

median, we note that the signal loss estimates in each spectral
window are quite small: <6% for more than 84% of the data
all cases (leftmost vertical red dashed line in each panel of
Figure 14). For the current modality of upper limits, such small
losses are not important for astrophysical inference, being
dwarfed by other uncertainties, such as theoretical modeling
uncertainties. Furthermore, the estimates are similar across
spectral windows, giving confidence that the estimates are
internally consistent and robust. Under these considerations,
the median in each band is a justifiably sufficient estimate of
the signal loss, and we report each such median in Table 4.

5. Results

5.1. Cylindrical Power Spectra

We show our estimated cylindrically averaged Stokes-I
power spectra for each spectral window in Figure 15. In this
figure, we also mark the delay corresponding to a source on the
horizon (solid black), as well as our final foreground cut
corresponding to this horizon line plus a buffer of 500 ns
(dashed black line). In this plot, each pixel corresponds to the
cylindrical average over all baselines within 1 m length bins,
and over four adjacent delay bins (as described in Section 3.10).
In each spectral window, the lowest delay bin is visibly

dominated by foregrounds, with a dynamic range of 6–10
orders of magnitude compared to the high-delay modes. In the
highest-redshift bands, the second delay bin (and even the
third, for longer baselines) is also foreground dominated. As
discussed throughout this paper, we attribute the bulk of this
power leakage beyond the horizon to MC. This is supported by

69 This can easily be shown by conducting small Monte Carlo simulations
with the toy model described.
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Figure 15, which reveals a larger extent of foreground leakage
at low frequencies, where MC is expected to be more severe.
Furthermore, while the “foreground wedge” (A. R. Parsons
et al. 2012; A. Liu et al. 2014; N. Thyagarajan et al. 2015) is
certainly present, the dominant foreground structure is rather
“brick”-like; that is, there is a strong contribution to
foreground leakage that is roughly baseline-independent. This
is consistent with predictions from our first-order model of

MC, for which the strength of the coupling power at high delay
for a baseline type averaged across the array is primarily
determined by its orientation, rather than its length.
Our choice of foreground cut, illustrated by the dashed black

line in each band, was chosen primarily to ensure that leakage
from MC is avoided, based on our observations of delay
spectra of much less-averaged data.70 Visually, Figure 15
suggests that our choice of foreground cut may be somewhat
conservative for our longest baselines, though the fractional
sensitivity of these baselines with respect to the shorter
baselines is quite low, so this conservatism is not likely to
affect our final limits to a large extent. On the other hand, we
will see evidence in the spherically averaged spectra
(Figure 16) that on short baselines, our foreground cut is not
conservative enough, at least in the high-redshift bands
(< 100MHz). Since in this analysis we only consider upper
limits, inclusion of excess foreground power in our estimates is
not an issue; however, it will become very important to better
understand the limits of the foreground leakage in the future
when a detection might be claimed.

5.2. Upper Limits on Spherical Power Spectra

Figure 16 shows the final spherically averaged power
spectra estimated using the Phase II data analyzed in this
paper. In the same figure, we show the predicted noise power
(black dashed line), as well as the lowest upper limits
from H23 at any k, shown in the bands closest to those in
which they were measured (green triangles).
The lowest k-modes at each redshift (k ≲ 0.5–0.8 hMpc−1

depending on the redshift) are consistently dominated by
foregrounds, which have leaked well beyond the horizon (all
modes inside the horizon have been cut, as described in the
previous subsection). Indeed, while the sensitivity of this
dataset is comparable to our deepest Phase I upper limit (i.e.,
the green triangles are roughly consistent with the black lines),
our previous limits were significantly lower (approximately an
order of magnitude) simply because the foregrounds were not
as strong on the lowest k-modes we measure here. This
foreground leakage predominantly comes from MC, as we
established in Section 4.2. This highlights MC as the greatest
cause of sensitivity loss for HERA Phase II and, thus, the
greatest and most important challenge for future progress.
Nevertheless, while low-k modes are systematics-dominated,

for k ≳ 0.5 hMpc−1, our estimates are almost completely
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Figure 14. Histograms of estimates of signal loss incurred by nonredundancy
of nominally redundant baselines. Each panel is a spectral window, and
samples for each histogram come from different baseline types, LSTs, and
polarizations. The median, marked as black vertical lines, is taken as the signal
loss estimate. The red lines show the 68% confidence interval. A small fraction
of estimates are signal gains, consistent with toy models (see the text).

Table 4
Median Percent Loss per Spectral Window

z ¯ Median Loss
(MHz) (%)

24.4 56 1.2
19.8 68 2.2
16.8 80 1.7
10.8 121 1.8
9.9 131 1.3
7.6 165 1.3
7.0 177 2.1
5.6 216 3.1

70 For example, we inpainted our data out to 500 ns to capture foreground
structure from mutual coupling in Section 3.8.4, though this choice is not
necessarily tied to our decision on the extent of the foreground cut in the
cylindrically averaged spectra.
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consistent with thermal noise in all bands, at the 2σ level. This
is especially true of the bands above FM frequencies
(>100MHz), which not only have error bars that encompass
PSN, but also whose estimates are generally scattered evenly
about it (estimates not shown with dots are negative, but their
error bars extend into the positive far enough to encompass

PSN). In the sub-FM bands, there is some evidence of an overall
positive bias, since most of the estimated values fall above the
noise (even though their error bars generally encompass the
noise level). Such a positive bias can only affect our inferences
in a conservative way in this analysis, but in future work, we
will investigate these small biases more thoroughly. In the end,
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Figure 15. Real parts of the pseudo-Stokes-I cylindrical power spectra estimated from the data in this analysis. Each panel shows a different spectral window
(redshift). The x-axes are linearly spaced in baseline length, identical for all spectral windows, with equivalent k⊥ for our fiducial cosmology marked on the top of
each. The y-axes are regularly spaced delays, with corresponding k|| marked on the right axis. The horizon line is marked in solid black, and an additional buffer of
500 ns is shown as the dashed black line. Values below 10−2 m K2 (including negative values) are shown in navy. Outside the buffer, the estimates are visually
noise-like, with values scattered between positive and negative. The gradual rise in power toward larger baseline lengths is indicative of higher PN due to the
decrease in the size of redundant groups at these lengths.
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it is not surprising that the largest bias arises at the lowest
frequencies, where foregrounds and MC are the strongest.
We emphasize that on these noise-dominated scales, the

sensitivity of this small 2 week dataset is similar to that of the
full 100-night Phase I limits presented in H23. The source of
this extra sensitivity is the primarily the increase in number of
antennas. The fact that these modes are noise-dominated is
promising for future analyses that can utilize a larger portion
of the several-hundred nights thus far observed with Phase II.
All estimates and upper limits can be found in Table 5.71

6. Astrophysical Interpretation

In this work, we follow the strategy of previous HERA
analyses and adopt several theoretical models to infer what our
multiredshift limits tell us about cosmology and astrophysics.
While our limits at z < 10 are less constraining than those

presented in H23 (primarily due to foreground leakage from
MC), we have limits from a much wider range of redshifts in
this dataset. This motivates the adoption of models with
mechanisms for producing very strong absorption features
during Cosmic Dawn, to see whether such models—motivated
by results from the EDGES experiment—are constrained by
this multiredshift data. Given that the limits at z < 10 are less
constraining than those presented in H23, we do not reconsider
any reionization-driven scenarios in this work (e.g., J. Mirocha
et al. 2022). Furthermore, we note that the models represented
here are not exhaustive, even in the context of seminumerical/
semianalytical models (e.g., M. Pagano & A. Liu 2020;
H. Trac et al. 2022; A. Schneider et al. 2023; P. Hirling et al.
2024; B. Cyr et al. 2024; R. Ghara et al. 2025), but they do
span a range of interesting physical scenarios.

6.1. Theoretical Models

We adopt five different theoretical models in this work,
using three different simulation codes. The majority of these
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Figure 16. Spherically averaged power spectrum estimates in each spectral window (pink hexagons with error bars). Vertical error bars are 2σ estimates, where the
noise is given by PSN (see Equation (30)). The width of the top-cap of each error bar represents the FWHM of the window function (see Figure 11). Each pink marker
represents the power spectrum estimate, with empty markers indicating negative values. Where error bars end with arrows, this indicates that the estimate is
consistent with zero at the 2σ level. The thick black dashed line shows the thermal noise level, PSN. The purple steps in the panels at z = 10.8 and z = 7.6 denote the
2σ upper limits reported in H23. While sensitivity of this Phase II dataset is similar to the limits of H23, mutual coupling causes spectral leakage of foregrounds out
to much higher k, causing these limits to be less strong. A selection of the most stringent upper limits across redshift from different experiments are also shown
(G. Paciga et al. 2013; B. K. Gehlot et al. 2018, 2020; M. W. Eastwood et al. 2019; M. Kolopanis et al. 2019; C. M. Trott et al. 2020; S. Yoshiura et al. 2021;
S. Munshi et al. 2024; F. G. Mertens et al. 2025; M. J. Wilensky et al. 2023; C. D. Nunhokee et al. 2025). H23 remains the deepest limits to date at any redshift.

71 This data may also be downloaded in a standard YAML format from the
https://github.com/EoRImaging/eor_limits repository.

32

The Astrophysical Journal, 998:33 (44pp), 2026 February 10 Abdurashidova et al.

https://github.com/EoRImaging/eor_limits


models include some mechanism for producing values of the
volume-averaged ratio of the spin temperature to the back-
ground radio temperature that are much lower than standard
models allow. So-called standard models assume that the
minimum spin temperature is achieved via strong coupling to
the gas kinetic temperature, whose standard minimum value is
given by adiabatic cooling. Likewise, the radio background is
typically assumed to be dominated by the CMB, which yields a
prediction for a lower limit on TS/TR (see the black dotted line
in Figure 18). However, motivated by results from the EDGES
experiment (J. D. Bowman et al. 2018), a number of
nonstandard models have been proposed that can exceed this
lower limit, either by reducing TS via new sources of cooling,
or by increasing the radio background via new populations of
high-redshift radio sources. Given that such models are often
focused on achieving such low values of TS/TR at redshifts of
z ≳ 14 (where the EDGES experiment made its measurement),
we include these models in this work to investigate if their
exotic physics might be constrained by the large redshift range
of Phase II measurements.
Specifically, the models we adopt are as follows:
21cmFAST TR ≡ Tγ. This model uses the 21cmEMUv1

emulator (D. Breitman et al. 2024)72 to emulate several
observational summary statistics computed by 21cmFASTv3
(A. Mesinger et al. 2010; S. Murray et al. 2020).73 The
underlying astrophysical model is defined in J. Park et al.
(2019), and is defined by nine parameters governing the
relationship of UV, X-ray, and Lyα emissivity to halo mass
and redshift. This model contains no nonstandard contributions
to TS/TR, taking the usual TR ≡ Tγ assumption, and is
equivalent to that used to infer astrophysics in H22b and H23.
We assume the same priors over all parameters as in H22b and
D. Breitman et al. (2024; see ranges of Figure 6 in both).

21cmFAST Mini-HaloTR. This model uses v2 of 21cmEMU,
trained on 21cmFAST models that include a contribution to the
radio background from Population III stellar remnants hosted in
molecularly cooled galaxies (or mini-halos; see Y. Qin et al.
2020a, 2021). The inhomogeneous radio background sourced by
the mini-halos is presented in J. Cang et al. (2024), and the
eventual sterilization of Pop III stars by Lyman–Werner and
photo-heating feedback provides a physically motivated mech-
anism to avoid violating limits on the present-day radio
background (e.g., D. J. Fixsen et al. 2011). Note that while
this model contains a superset of the physical parameters
defined in J. Park et al. (2019), in this work we only vary the
five minihalo parameters, setting the parameters governing
Population II stars to the fiducial ones of J. B. Muñoz et al.
(2022). The prior over these five parameters is the same as in
J. Cang et al. (2024; see T21 component in Table 1).

21cmSPACE UniformTR. This model uses an emulator
(described below) trained on 21cmSPACE simul-
ations (e.g., E. Visbal et al. 2012; A. Fialkov et al.
2012, 2013, 2014)74 that include a spatially uniform
synchrotron background, which replaces the CMB as

( )[ ( ) ]/= + +T T z A1 1 78 MHzR rad obs
2.6 with the phenom-

enological parameter Arad (A. Fialkov & R. Barkana 2019).
The 21cmSPACE simulator includes flexible Population II and
Population III star formation in galaxies, contributing to
Wouthuysen–Field (WF) coupling, Lyman–Werner feedback,

Lyα heating and ionization, as well as flexible X-ray spectra
and efficiencies. The simulations used here are described in
more detail in T. Gessey-Jones et al. (2024; see their Table 2
for the nine-parameter prior space).

21cmSPACE Inhomogeneous TR. This model is identical to
the Uniform TR model, except that the excess radio back-
ground is instead sourced by radio luminous galaxies, with an
efficiency parameter frad, and is spatially inhomogeneous via
the SFR (I. Reis et al. 2020). For more details on the
simulations, see S. Pochinda et al. (2024). For both the
uniform and inhomogeneous TR models, we employ an
updated version of the analysis pipeline from S. Pochinda
et al. (2024), built using PyTorch and including GPU
accelerated distributed training.

Millicharged Dark Matter. This model uses the Zeus21
analytic code (J. B. Muñoz 2023), which includes both atomic-
and molecular-cooling galaxies and a flexible kinetic temper-
ature from the Boltzmann solver CLASS (D. Blas et al. 2011).
Here we replace the adiabatic-cooling gas temperature in
Zeus21 with a temperature consistent with cooling from
millicharged dark matter (J. B. Muñoz & A. Loeb 2018;
R. Barkana et al. 2018; A. Berlin et al. 2018), and include the
Tk –TS correction from S. Mittal & G. Kulkarni (2021) for very
low temperatures.75 As in the “Minihalo TR” model, we keep
the Pop II stellar parameters fixed to the fit to the HST and
JWST UVLFs from J. B. Muñoz et al. (2023), except the X-ray
efficiency L40 (in units of 1040 erg s−1 per unit SFR), and vary
the Pop III star formation efficiency f�,III (for more details on
the code, including implementation of feedback, see
H. A. G. Cruz et al. 2024). In addition, we assume a fraction
of 0.5% for millicharged dark matter and vary over its
mass mχ and charge Qχ (in units of the electron). We assume
log priors on all parameters over the following ranges: <3.3

( ) <mlog 0.710 , ( )< <Q7 log 210 , ( )< <L3 log10 40
3, and ( )< <f4 log 0II10 ,I .

6.2. Choice of Likelihood

Each of the theoretical models employed here computes
spherically averaged power spectra, ( )k z,theory

2 for vectors of
k and z defined by each theory code. These models are
interpolated to the scales and redshifts of the data, and processed
through the instrumental window function, to obtain theoretical
residuals. We then use Bayesian inference to obtain posterior
distributions for the parameters of each model, θmdl as well as
functional posteriors for theory

2 and other derived quantities.
Here, as in H22b and H23, we use the so-called “upper-limit

likelihood” (R. Ghara et al. 2020) when defining our posterior
probability (see Equation (11) of H23). Formally, this
likelihood assumes a systematic whose value is uncorrelated
between power spectrum bins and may range from 0 to infinity
with uniform a priori probability. It also assumes uncorrelated
noise σi between power spectrum bins, which is not reflective
of our actual noise. Our power spectrum is weighted such that
neighboring bins have 1% correlation, which is different from
previous analyses where we decimated in k-space to avoid
modeling noise correlations.
We justify using the same likelihood (i.e., the one

corresponding to uncorrelated noise) via a numerical
72 https://github.com/21cmFAST/21cmEMU
73 https://github.com/21cmFAST/21cmFAST
74 https://www.cosmicdawnlab.com/21cmSPACE

75 We conservatively do not include the additional fluctuations from the
velocity dependence of the cooling in this analysis (J. B. Muñoz et al. 2018;
H. Liu et al. 2019)
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investigation into the marginal distribution of the systematic and
noise (jointly between power spectrum bins). We detail this
investigation in Appendix E, but in summary, we find that
residual correlations between neighboring k-bins that are left
unmodeled have a negligible effect on the estimated posterior,
even when the bins are up to 90% correlated. This is mostly due
to the systematic model, whose large uncertainty and indepen-
dence between bins washes out the effect of noise correlations.
In producing the constraints shown in the next subsection,

all models were run with two different datasets: one using only
the upper limits reported here from Phase II data, and another
that also adds the more stringent upper limits at z = 7.9 and
10.4 from H23. In all cases, each upper limit at each scale and
redshift is treated independently.
In addition to this likelihood, the models using the

21cmFAST/21cmEMU code use a variety of other likelihoods
(each treated independently): (i) Thomson scattering optical
depth to the CMB: As in H23, this term is a Gaussian likelihood
centered around = +0.0569e 0.0086

0.0081 based on the median and
68% credible interval (CI) from the posterior obtained in Y. Qin
et al. (2020b) from the re-analysis of Planck Collaboration et al.
(2020) data. The CMB optical depth is an integral measure of the
EoR history, disfavoring early reionization. (ii) Lyman forest
dark fraction: As in H23, this term compares the proposed
model’s global neutral fraction at z = 5.9 with the upper bound

< ±x 0.06 0.05HI at 68% CI obtained with the model-
independent QSO dark fraction statistic (introduced in A. Mesi-
nger et al. 2010 and applied to observations in I. D. McGreer
et al. 2015). The likelihood function is unity if the proposed
global neutral fraction is below the upper bound at z = 5.9, then
it decreases as a one-sided Gaussian for higher values of xHI . The
dark fraction observations disfavor extremely late reionization.
(iii) UV luminosity functions (LFs), which compare the model
with well-established z = 6, 7, 8, 10 UVLFs, observed with
Hubble (Bouwens et al. 2015, 2016; Oesch et al. 2018) in the
magnitude rangeMUV ∈ [−20, −10]. For the UVLFs, a Gaussian
likelihood is used. UV LFs constrain how star formation is
assigned to dark matter halos and, therefore, provide limits on the
redshift evolution of the star formation rate density.
The inferences using 21cmEMUv1 with TR ≡ Tγ include all

likelihood terms, while inferences using 21cmEMUv2 involve
an excess radio background sourced by mini-halos omit (iii),
since the UV LF data only constrains the more-massive
galaxies that are held fixed in this model.

6.3. Inference Results

Since the upper limits at redshifts 8 and 10 from this work are
weaker than those reported in H23, we perform inference with
all five models under different combinations of data: (i) only the
data from this upper limit, and (ii) this limit combined with the
lowest limits from H23 (+Phase I). Naively, we expect that
constraints at z � 10 would be dominated by the Phase I data,
while the limits reported here may have some additional
constraining power at higher redshift. However, given the
strong correlations between redshifts for physical models of the
power spectrum, strong constraints tied to lower redshifts may
dominate even over direct measurements at higher redshifts that
are comparatively weaker.
We find that for all models, the constraints on parameters

are relatively weak, and very much consistent with the
constraints presented in H23. That is, parameter constraints
are dominated by the more stringent upper limits from Phase I

at z = 8, 10. We do not show these constraints directly here,
and refer the reader to H23 for further discussion of the models
ruled out by HERA—typically “cold reionization” models.
Figure 17 shows the 95% confidence upper limits on the

inferred power spectrum at k = 0.5 hMpc−1 as a function of
redshift. The first thing to note from this figure is that the low-
redshift limits dominate the constraints on each theoretical
model. Indeed, the z > 15 limits are not quite within the prior
region of any of these models, which is significant since four
of these models have “exotic” mechanisms for producing
significantly boosted power at high redshift (note how far the
limits are from the prior of the standard TR ≡ Tγ model: > 3
orders of magnitude). Further making this point, the
Millicharged DM model is only constrained by data at
z > 10, as the model does not include reionization processes,
and its constraints are by far the weakest. Because the
strongest constraints at lower redshifts come from H23 (when
they are included), they are completely dominant. That is, this
dataset does not provide any further constraining power—
under this set of models—beyond the existing limits.
In Figure18 we show the derived posterior limits on the ratio

TS/TR as a function of redshift, which characterizes the mean
thermal evolution of the IGM. Here, it is clear from the prior
(illustrated by thin dotted lines) that each model is able to
produce very low values of this ratio—well in excess of the
adiabatic cooling limit.76 As a comparison point, we show the
value of TS/TR implied by the reported global 21 cm
absorption depth reported by EDGES (J. D. Bowman et al.
2018) as a green marker. All models, by construction, include
this point in their prior.
After constraints from HERA data (both from this work

and H23), the excess radio background models (blue, orange, and
red) all tend to disfavor the EDGES-inspired temperature ratio.
However, we caution against over-interpreting this result, as it is
highly model-prior-dependent. As mentioned previously in the
context of Figure 17, almost all of the constraining power for the
21cmFAST- and 21cmSPACE-based models comes from H23 at
z = 8 and 10. It is the smooth evolution of these models that yields
the constraints at higher redshifts. Conversely, the Zeus21-
based model (purple line) is only exposed to data at z > 10,
and is clearly far less constrained. The black triangles in
Figure 18 illustrate a less model-dependent constraint. These
are lower limits obtained directly from the upper limits on

21
2 via a phenomenological argument that relates the 21 cm

power to the underlying density field through a linear bias
(see H23; here, we conservatively assume observations at
μ = 1). Since each density-driven lower limit is obtained
directly from an upper limit at that redshift, it provides some
measure of how far our upper limits are from providing
direct model-independent constraints on excess cooling/
radio background during Cosmic Dawn. We find that we
require an order-of-magnitude improvement77 at z = 17.5 to
yield such a constraint on EDGES-motivated models.78

76 In this plot, we show only the four models that have mechanisms to
produce excess cooling or excess radio background, leaving out the ‘standard’
TS = TR model.
77 Precisely the improvement we might naively expect from processing the
full season of data; see Table 2.
78 “EDGES-motivated” here refers to any physical model incorporating
excess cooling and/or radio backgrounds during Cosmic Dawn, and does not
imply that these models are in fact favored by the EDGES data (e.g., J. Cang
et al. 2024), only that their development was motivated by the enhanced
absorption reported in J. D. Bowman et al. (2018).
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7. Conclusions

In this work, we have presented the first science results from
Phase II of the HERA telescope. Comprising just 2 weeks of
observations, this analysis is aimed at understanding the
unique new characteristics of the Phase II system, and
developing a robust analysis pipeline that accounts for the

spectral and temporal features in the data. With increased
frequency coverage of 47–234MHz, this is the largest range of
redshifts simultaneously examined in this field, including
Cosmic Dawn (z > 20) and the tail end of reionization (z < 6).
Our analysis pipeline, composed primarily of reproducible

and scalable Jupyter notebooks, first calibrates each integration
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Figure 17. Shown here are 95% confidence intervals on Δ2(z) at k = 0.5 h Mpc−1. Each panel displays a different theoretical model, and different shading levels
represent different combinations of data: the lightest is the model prior, the next layer includes the limits from this work (shown as pink hexagons), and the darkest
layer combines these limits with those from H23 (shown as green hexagons). The 21cmFAST-based model posteriors also include other data, as listed in the bottom-
right of each panel and described in-text. The limits indicated as hexagons are the lowest limit at any k for each particular redshift (generally k ∼ 0.5 h Mpc−1). Not
all models are defined at all redshifts where limits were placed: both 21cmSPACE models (blue and orange) and the 21cmFAST TR ≡ Tγ model only extend down to
z = 6—an artifact of the emulator training for each model. Conversely, the Zeus21 model (purple) only extends down to z = 10, as it does not yet include realistic
reionization. The limits of the predictions of each model are demarcated by gray shaded regions. The upper limits, as expected, do not constrain the lower edge of the
model priors, although in the case of 21cmFAST, the lower edges are constrained by the non-21 cm data. In all cases, the low-redshift limits dominate the constraints
at all redshifts, which can be seen most clearly in the Zeus21 model, whose constraints are weakest since they do not use any low-z data.
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independently, then performs several quality checks based on
metrics compiled over a full night’s observations, removing
data plagued by RFI, lightning, packet loss, low correlation,
and other systematics. The calibration solutions are then
smoothed over long temporal and medium spectral scales,
taking advantage of our prior that the intrinsic instrument has a
smooth response. Once the calibration is completed, and the
most egregious defects have been flagged, we start averaging
the data: first we average visibilities within nominally
redundant baseline groups, and then we average visibilities
at the same LST on different nights. The latter requires us to
“inpaint” the gaps in the data incurred by frequency-dependent
flagging (generally for RFI), which we do on a per-night,
-baseline-group, -polarization, and -LST basis. We then
attempt to mitigate pervasive systematics such as MC using
filters applied in fringe-rate and delay space, before computing
delay spectra for each baseline independently. Finally, we
average these spectra (incoherently) over LST, orientation
(cylindrical average), and baseline group (spherical average) to
yield power spectra in a set of eight redshift bands (z = 24.4,
19.8, 6.8, 10.8, 9.9, 7.6, 7.0, and 5.6). For details on these
analysis steps, see Section 3.
Our analysis pipeline was validated using large end-to-end

mock simulations, in a similar fashion to H22a and H23, using
the framework laid out in J. E. Aguirre et al. (2022) and
described in Section 4. This validation procedure did not uncover

any unexpected biases in the estimated 21 cm power spectrum.
The input spectrum was artificially boosted in the simulations to
enable a “detection” at scales of k ∼ 0.5–1.0 h Mpc−1, and the
mock detection was consistent with the input across all redshifts.
We reported upper limits on the spherically averaged power

spectrum, for which the sensitivity is similar to our deepest
Phase I limits (see Figure 16 and Table 5), using only 14 nights
of data compared to the 94 used in H23. This increase in nightly
sensitivity is attributable to the increased number of active
antennas in this dataset: ∼130 versus ∼40 in Phase I. For
k ≳ 0.5 h Mpc−1, our estimated power spectra are consistent
with the predicted noise variance, derived from the autocorrela-
tions and accumulated number of samples (see Equation (30)),
at the 2σ level. However, on larger scales, we find that our
estimates are foreground/systematics-limited. This foreground
leakage is more extensive than was found in Phase I, such that
even though the overall sensitivity of this data is similar to
Phase I, the upper limits are less constraining since the lowest,
most constraining, k-modes—which were noise-limited in Phase
I—are here contaminated by foregrounds.
Nevertheless, these limits are competitive in two primary

ways: they are the first to simultaneously cover such a large
redshift range, and they are the most constraining at high
redshifts (z > 16) (see Figure 17). While they do not yet yield
further insight into the physics of Cosmic Dawn and the EoR
beyond what is known from previous 21 cm power spectrum
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Figure 18. Shown here are inferred 95% lower limits on the ratio TS/TR from several theoretical models. In this figure, different colors represent different theoretical
models, all of which include some mechanism for producing TS/TR lower than the “standard” adiabatic cooling limit with a uniform CMB radio background (black
solid line). Dotted lines indicate the prior region of each model, while solid lines indicate the constraints from the combination of this data (from z = 5.5 to 25) with
the limits from H23 (at z = 8, 10). Black triangles indicate lower limits derived from a more model-agnostic approach, in which 21 cm fluctuations before the onset
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inferred 95% confidence interval on Ts/TR derived from the 21 cm absorption depth reported in J. D. Bowman et al. (2018) and, similarly, the lower limit derived in
the same way from the limits on the absorption depth presented in S. Singh et al. (2022). In general, the models that include excess radio backgrounds—whose priors
allow for the EDGES-derived ratio—tend to disfavor such small ratios once exposed to the HERA limits. These results are highly model-dependent, since the
constraints for the models are almost entirely derived from lower-redshift measurements. The most model-agnostic limits—those from the density-driven model—
are still entirely consistent with excess cooling/radio background, and will require an order-of-magnitude reduction if they are to begin to rule out the EDGES-
derived ratio.
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upper limits, they confirm the accuracy and efficiency of
HERA’s analysis pipeline, which is ready to process an order-
of-magnitude more data that has already been taken.

7.1. Mutual Coupling

Our primary extant systematic at k ≲ 0.7 h Mpc−1, and the
cause of the foreground leakage that precludes this dataset
from setting limits comparable to H23, is MC (see
Section 4.2). This systematic, which occurs when radiation is
reflected or re-emitted from one element of the array before
being received into another antenna, is enhanced in Phase II
with respect to Phase I due to the larger vertical cross section
of the updated Vivaldi feed, the increased height of the feed
within the dish, and the removal of cylindrical mesh guards
around the feeds (see, e.g., L. M. Berkhout et al. 2024). Taken
together, these effects result in an increased interaction
between neighboring antennas and an enhancement of the
observed MC. Though it is difficult to measure the precise
extent to which the effect is enhanced in Phase II, Figure 13
suggests via approximate models that it now dominates modes
up to k ∼ 0.7 h Mpc−1 that were previously noise-dominated.
This is a ∼1% effect at 500 ns scales, which is beyond the
precision required for 21 cm science, and should be considered
carefully by planned experiments with densely packed
antennas.
The impact of MC arises from delayed signals coupling

back into a baseline’s visibility. Naturally, these delays are
super-horizon scale in the cylindrical power spectrum,
resulting in foreground leakage into the 21 cm window. While
a first-order analytic model of this effect (A. T. Josaitis et al.
2021; R&P25) has been successful in describing the general
characteristics of the systematic, it is not accurate enough to
enable us to invert and remove it. Instead, we have used the
insight gained from our analytic model to partially localize the
leaked power in fringe-rate/delay space, and apply a simple
filter in this space to remove the bulk of the systematic power.
This mitigation technique is effective, but is limited in the
amount of leaked power it can remove without significant loss
of cosmic 21 cm power, because both MC and 21 cm signal
exist within the bounds of the filter.
Given the approximate nature of the first-order coupling

model, the relative amplitude of MC to cosmic signal power as
a function of scale is highly uncertain. Figure 10 of R&P25
suggests a smooth decline until k ∼ 0.9 h Mpc−1 before a
steeper roll-off, although this roll-off corresponds to the light-
crossing time of the array, which is the maximum delay that
the first-order coupling model predicts, and higher-order terms
may extend this range. While we have demonstrated that MC
is dominant below k ∼ 0.7 h Mpc−1, its behavior on smaller
scales—how quickly it tapers off with increasing k—remains
unobserved. More sensitive observations will be able to reveal
this behavior in greater detail.
A key takeaway from this work is that more detailed models

of MC may yield the greatest improvement to HERA’s
sensitivity, even as more data is averaged. The current first-
order linear model is clearly insufficient for the purposes of
inverting the systematic from the data; beyond the possible
importance of higher-order terms (i.e., re-reflections and the
correlation of two separate reflections), it is likely that
reflections from elements other than feeds may contribute to
high delay structure in the visibilities (N. Fagnoni et al.
2021b). While stability of the coupling over nights is broadly

expected, it has not been observationally established beyond
the resilience of the systematic to data averaging on medium-
to-large scales. Conversely, differences of the MC signal
between otherwise redundant baselines might be leveraged to
help disentangle the effect. We continue to explore these issues
with embedded element antenna simulations, as well as
extended analytical modeling.
Happily, our results indicate that the amplitude of fore-

ground leakage from MC rapidly decays with delay, and so we
can expect a clean signal (clean from MC, at least) at some
scale, given enough thermal sensitivity. At lower delays,
approximate mitigation or inversion techniques will tempora-
rily buy sensitivity for tighter upper limits, but will need to be
significantly more accurate to allow detections. Simulations of
ever-increasing realism will play a crucial role in validating
these models and algorithms.

7.2. Other Key Issues for Future Investigation

Our second-most prominent residual systematic is that of
night-to-night gain variations that, when combined with
nonuniform flagging patterns, result in spectral discontinuities
in the average over nights. Inconsistency over nights can be
measured as a ratio of the variance over nights (for a particular
unique baseline group) to the expected variance derived from
autocorrelations (see Equation (1)), a metric directly related to
the mean Z2-score over the nights (S. G. Murray 2024). We
generally measure such an “excess variance” of ∼2, where no
excess would yield unity. This inconsistency is generally
spectrally smooth, evidenced by the fact that the high-delay
spectra are consistent with the predicted noise, and so is
reasonably associated with errors in the low-delay modes of
the gain solutions that fluctuate night-to-night. While such
fluctuations are not intrinsically harmful, as long as they
remain in foreground-dominated delays, they can be leaked to
higher-delay modes when averaging with nonuniform weights.
We see evidence for this when looking at the more highly
flagged spectral windows that were omitted from this analysis.
In these bands, the high-delay spectra consistently have a
visibly different distribution than predicted based on the
autocorrelations. The correlation of this effect with the higher
level of flagging in those bands suggests that the combination
of night-to-night inconsistencies and imperfect inpainting is its
root cause. We are investigating more sophisticated inpainting
techniques to address this in the future.
Another potential issue that is closely related to the

inpainting issues we have just described is that while we take
great care to maintain spectral smoothness by inpainting over
frequency with smooth models, we do not take the same care
to maintain temporal smoothness. This is, admittedly, a
secondary concern, since spectral structure is the primary
distinguishable characteristic of the 21 cm signal. However,
we utilize temporal structures to enable systematics mitigation
through the use of fringe-rate filtering, which ultimately feeds
back into spectral structure. Future more sophisticated
inpainting techniques are likely to improve this issue as well.
While our DPSS-filtering-based technique for identifying

low-level RFI in redundantly averaged cross-correlations is a
marked improvement over previous techniques, there are at
least two possible avenues for improvement. First, some
moderately broadband RFI (like from TV stations that
broadcast in 8MHz allocations) may be degenerate with the
filter, making it harder to find low-level RFI. Second, the
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technique does not incorporate any spatial information about
the source of the emitter. Instead of an incoherent average over
redundant baseline groups, one could use prior information
about the locations of known transmitters to coherently
combine visibilities for maximum SNR. This can be done
both for fixed transmitters like radio and TV stations, as well
as for ones that move in predictable ways, like ORBCOMM
(A. R. Neben et al. 2016) or Starlink (F. D. Vruno et al. 2023;
C. G. Bassa et al. 2024) satellites.
Another systematic effect that requires further consideration

is the leakage of a small number of highly polarized, high-
rotation measure (RM) point sources into our pseudo-Stokes I
visibilities. To estimate the unpolarized sky signal, we take a
sum of the visibility response from the two orthogonal linear
feed polarizations. However, due to asymmetries in the
polarized beam responses, this operation introduces leakage
from Stokes Q into the pseudo-Stokes I visibilities. In the
presence of bright polarized sources with large RMs, this
leakage imprints spectral structure that varies approximately as

( )iexp 2 RM 2 , contaminating high k∥ modes and potentially
biasing power spectrum estimates (D. F. Moore et al. 2017).
Fortunately, this contamination is temporally localized to
epochs when such sources enter the primary beam, enabling
partial mitigation through careful field selection. However, this
imposes constraints on the set of fields that are viable for
power spectrum estimation. Catalogs such as those produced
by the NRAO VLA Sky Survey (A. R. Taylor et al. 2009) and
the POlarised GLEAM Survey (C. J. Riseley et al. 2020) have
demonstrated that, although most sources are weakly polar-
ized, a nonnegligible population exhibits polarization fractions
and RMs sufficient to pose a risk for spectral leakage. These
catalogs support identification and masking efforts, but
complete mitigation will likely require forward modeling of
polarized emission, incorporating both the polarized beam
response and RM synthesis. For this work, we have simply
avoided observations where known, bright, high-RM pulsars
are in the field of view (see Figure 2). A detailed treatment of
this effect is left to future work.

7.3. Future Outlook

This analysis was aimed at evaluating the updated analysis
pipeline as applied to HERA Phase II data. As such, we
considered only a small subset of the data taken with Phase II,
starting in 2022 and still ongoing. As described in Table 2, the
full 2022–2023 observing season alone contains an order of
magnitude more data than presented here, and as of 2025 July
we have completed an additional two full seasons of observing
with even more active antennas. While our lowest k-modes are
currently systematics-limited, we expect that the sensitivity of
3 full years of data (with similar levels of flagging as those
encountered in this dataset79) at k ∼ 0.8 h Mpc−1—which is
currently noise-limited in all bands—will be at least 700 times
more sensitive (i.e., 2.5 mKUL

2 2 at z = 7): sufficient to
make detections for realistic cosmological scenarios. Thus,
while further mitigation of MC remains a top priority, it is not
necessarily required for an eventual detection, given the
enormous raw sensitivity of the HERA array.

In summary, in this work, we have demonstrated that HERA
Phase II is already able to achieve noise-limited limits over
multiple k-bins (albeit at higher k than in Phase I) and a broad
range in redshift. With roughly an order-of-magnitude more
data already taken and new techniques for systematics
mitigation soon to be validated and implemented, we expect
continued progress in the near future toward a first detection of
the highly redshifted 21 cm power spectrum.

Acknowledgments

This material is based upon work supported by the National
Science Foundation under grant Nos. 1636646, 1836019,
1352519, and 1407804 as well as institutional support from the
HERA collaboration partners. This research is funded in part by
the Gordon and Betty Moore Foundation through grant
GBMF5212 to the Massachusetts Institute of Technology. HERA
is hosted by the South African Radio Astronomy Observatory,
which is a facility of the National Research Foundation, an
agency of the Department of Science and Innovation.
This work used Bridges-2 at Pittsburgh Supercomputing

Center through allocation PHY201142 from the Advanced
Cyberinfrastructure Coordination Ecosystem: Services &
Support (ACCESS) program, which is supported by U.S.
National Science Foundation grant Nos. 2138259, 2138286,
2138307, 2137603, and 2138296. We acknowledge the use of
the Ilifu cloud computing facility (www.ilifu.ac.za) and the
support from the Inter-University Institute for Data Intensive
Astronomy (IDIA; https://www.idia.ac.za).
S.G.M. has received funding from the European Union’s

Horizon 2020 research and innovation program under the
Marie Skłodowska-Curie grant agreement No. 101067043.
This result is part of a project that has received funding from
the European Research Council (ERC) under the European
Union’s Horizon 2020 research and innovation program (Grant
agreement No. 948764; P.B., J.B., M.J.W.). B.B.B. acknowl-
edges the funding received from FAPESP under process 2024/
12902-3. N.S.K. acknowledges support from NASA through
the NASA Hubble Fellowship grant No. HST-HF2-51533.001-
A awarded by the Space Telescope Science Institute, which is
operated by the Association of Universities for Research in
Astronomy, Incorporated, under NASA contract NAS5-26555.
J.M. was supported by an appointment to the NASA
Postdoctoral Program at the Jet Propulsion Laboratory/
California Institute of Technology, administered by Oak Ridge
Associated Universities under contract with NASA. A.M.
acknowledges support from the Italian Ministry of Universities
and Research (MUR) through the PRIN project “Optimal
inference from radio images of the epoch of reionization,” and
the PNRR project “Centro Nazionale di Ricerca in High
Performance Computing, Big Data e Quantum Computing.”
A.C.L. acknowledges support from the Natural Sciences and
Engineering Research Council of Canada through their
Discovery Grants Program, as well as the William Dawson
Scholar program at McGill University. R.P. acknowledges
support from the Faculty of Arts & Science at the University of
Toronto and the Dunlap Institute. The Dunlap Institute is
funded through an endowment established by the David
Dunlap family and the University of Toronto.

Facility: HERA.
Software: numpy (C. R. Harris et al. 2020), scipy

(P. Virtanen et al. 2020), matplotlib (J. D. Hunter 2007),
astropy (Astropy Collaboration et al. 2013, 2018), jupyter

79 While other instruments have reported an increase in RFI from satellite
constellations such as Starlink, it is uncertain whether these will make a
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Appendix A
Antenna Metrics

We flag entire antennas with the following specific
characteristics, irrespective of channel-based flags:

1. Dead. Antennas with visibilities whose value is zero
more than half of the time are considered “dead” and
flagged.

2. Low Correlation. Antennas with low correlation coeffi-
cients (from 0–0.2) are flagged (D. Storer et al. 2022).
We found that such low correlations are often indicative
of clock distribution issues that affect entire nodes
(L. M. Berkhout et al. 2024).

3. Cross-polarized. Antennas whose correlation coefficient
with other antennas is larger when correlating the other
antenna is putatively of the opposite polarization are
considered cross-polarized (D. Storer et al. 2022) and
flagged (and reported for in-field maintenance).

4. Packet Loss. While our integration time for snapshot
observations is ∼10 s, we also keep “diff” files contain-
ing even–odd differences on a much finer timescale.
These can be rearranged into even and odd samples. An
excess of zeros in either the evens or the odds is
interpreted as a sign of packet loss. We flag antennas
with more than eight zeros in either the odds or evens.77

5. Anomalous Autocorrelation Power. Antennas with a
median amplitude over all channels for each autocorrela-
tion more than 60 times the integration count (i.e., the
integration time by the channel width, τintΔν) are
flagged. These are at risk of a nonlinear ADC response.
Likewise, antennas with median amplitude below 1 times
the integration count are flagged for low sky-response.

6. Anomalous Autocorrelation Slope. Antennas whose
relative absolute slopes (i.e., the absolute value of the
ratio of the linear coefficient to the constant coefficient in
a least-squares fit to the median-filtered spectrum) are
more than 0.6 are flagged. This is generally a sign of low
or unusual sky-response.

Appendix B
Iterative Algorithm for Antenna and RFI flags

In this appendix, we describe in more detail the algorithm
used in the per-integration flagging and calibration (see
Section 3.3) to iteratively refine the per-antenna and per-
channel flags in tandem.
We first determine an initial RFI mask (per-channel flags) as

follows. We subtract neighboring channels of the autocorrela-
tions for each antenna (resulting in spectra close to white
noise, if no RFI were present), and then we identify 20σ
outliers, where σ is estimated via Equation (1) (using each

autocorrelation to estimate its own noise). Crucially, the final
product is only channel-dependent, not antenna-dependent:
channels that are flagged for more than 50% of antennas are
then flagged for all antennas, and otherwise, the channels are
left unflagged.
Following this, a linear DPSS model is fit to each autocorrela-

tion, respecting the flags found from the first step. Here, we use
the parameters = = =0, 300 ns, 10c min

9. After sub-
traction of this model, the resulting residuals should be white noise
if no RFI were present, and we perform a more aggressive cut at
4σ (with σ computed in the same way as above). Again, only
channels with a flag fraction of more than 50% across antennas
are ultimately flagged.
This rough RFI mask is used to identify cross-correlation

engines (X-engines) that are systematically aberrant. Each
X-engine is responsible for 96 channels. For each set of 96
channels, we take finely time-differenced data, which should
be noise-like, and compute a quasi-Z-score based on its
amplitude: ( ( )) ( ( ) )/ / /V 4 4 4diff , where σ is
the predicted standard deviation of the thermal noise of the
observation, based on the autocorrelations. This quantity is
expected to have mean zero and variance unity (though it is not
Gaussian distributed), and we compute the mean of its absolute
value within each set of 96 channels controlled by a particular
X-engine. This mean, Z should be half-normally distributed,
with mean /2 and variance (1–2/π)/Nsamples, where
Nsamples ∼ 96 is the number of channels in the 96-channel
chunk that are not flagged by the previously calculated RFI
mask. We re-scale Z to have mean zero and variance unity
before counting the number of times a particular antenna has
an X-engine with a rescaled mean Z-score above 10. Then,
starting with the antennas that have the highest count of bad
X-engines, we iteratively remove them, until we are left with
no baselines with bad X-engines.
Our final two antenna-based cuts are established in

conjunction with our final spectral mask—which refines our
initial rough RFI mask—in a single iterative loop. This loop is
as follows, and runs for at least three iterations, and until no
new channels are flagged and no new antennas are flagged.
Each operation is performed only on autocorrelations. Initially,
the shape-Nν vector of RFI flags ξν ∈ (0, 1) are those obtained
from the “rough” RFI mask described above.

1. Calculate ( ) ( )/ /=Z P M M2ii ii ii ii for each
autocorrelation power Pii, where Mii is a DPSS model
of the power over frequency, with = =0,c

=300 ns, 10min
9.

2. Compute the rms, /= Z NZ ii
2

ii for each auto-
power, where Nξ is the number of unflagged channels,
∑νξν (the same for all antennas).

3. Choose which autocorrelations to use for estimating the
RFI, starting from a candidate pool of all those that have
not yet been flagged (either by previous checks, or
previous iterations of this loop), then:
a. If this is the first iteration: use the half of the
candidate pool that has the lowest rms.

b. If this is the second iteration: use all candidate
antennas whose RFI classification is “good” (see
below) unless this is less than half of the candidate
pool, in which case use the half of the candidate pool
that has the lowest rms.

77 Note that while packet loss occurs on a per-baseline basis, we find that it
generally affects a few antennas disproportionately because of the ordering of
the visibility information. While maintaining per-antenna flags here does result
in over-flagging, the utility of carrying forward per-antenna instead of per-
baseline flags at this stage is considered worth the small excess data loss.
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c. If this is the third or higher iteration: use all candidate
antennas whose RFI classification is not “bad” (see
below).

4. New channel-based flags, ξν, are computed exactly in the
same way as the “rough” RFI flags above, except that
instead of each autocorrelation being tested (and then the
final flags being combined via thresholding over all
antennas), only the mean autocorrelation over the
antennas in the set selected above are used.

5. These flags are used to identify outliers in spectral shape.
Here, we re-scale each RFI-flagged autocorrelation to be
mean unity, and then find the mean rescaled autocorrela-
tion across all antennas (per polarization) that have not
thus far been flagged. We flag antennas whose rms
difference with respect to the mean is >20%.

Appendix C
Temporally Smoothed Metric Flagging

In Section 3.4.1 we outlined an algorithm for temporally
smoothing quality metrics, and re-flagging based on these
smoothed metrics. Here we describe the algorithm in more
detail. The algorithm is as follows:

1. Begin with a per-antenna time-series of a particular
metric, mt, and associated flags ξt when mt is outside
some threshold (Mlow, Mhigh).

2. Convolve the metric series with a Gaussian of width
σ = 60 integrations (about 10 minutes).

3. Iteratively:
a. Partition the time-series into contiguous regions that
are either completely flagged or completely
unflagged, and further categorize the flagged regions
as those in which the convolved metric either
surpasses (“persistent”) the threshold at least once
or not (“nonpersistent”).

b. Re-partition the time-series such that both unflagged
and nonpersistent flagged regions from the previous
partitioning are merged together (type A), and
persistent flagged regions remain separate (type B).

c. For each region of type A, if the smoothed metric is
outside the threshold everywhere in the region, flag the
entire region. This is meant to flag small unflagged
regions embedded in larger flagged regions, as well as
regions with a high time-to-time variability of flags.

d. Finally, if there is any flagged region of size >60
integrations, flag all times before or after the gap,
whichever is smaller.

e. If there are new flags in this iteration, keep iterating.

This procedure is separately performed for each of the
autocorrelation power, shape, and slope metrics, as well as the
RFI rms (see Section 3.3.1) and the χ2 computed from
redundant calibration. For the latter, the initial flags are set to
ignore times flagged for any other reason (whereas other
metrics are considered in isolation).
After separately performing this procedure for each metric,

and obtaining a final set of unified flags (where any of the
metrics exceeds the threshold), we once more flag regions
either before or after flag gaps of more than 60 integrations
(whichever is smaller). Finally, antennas that are flagged for
more than 50% of the integrations on a given night are flagged
entirely.

Appendix D
Iterative Algorithm for Deeper RFI Excision

In Section 3.6 we describe our method for constructing an
RFI mask based on baseline-averaged per-night Z-scores
derived from a high-pass delay filter. Here we give the details
of the precise steps and thresholds of this procedure. We flag
the following (in this order): (1) Iteratively flag the worst
offending integrations and channels, in exactly the same way
as the iterative procedure outlined in Section 3.4.2, but with a
threshold of 1.0 instead of 1.5, and using the median over each
axis instead of the mean; (2) any channels that are flagged for
more than 25% of integrations; (3) any integrations that are
flagged for more than 10% of channels; (4) any particular
integration-channel with ¯ >Z 4; (5) any integration-channel
neighboring a flagged channel with ¯ >Z 2; (6) repeat step (1)
using the mean instead of median; (7) repeat steps (2) and (3).

Appendix E
Justification of Residual Bin-to-bin Correlations

We claimed in Section 6.2 that allowing 10% correlations
between neighboring k-bins does not significantly affect the
inferred posterior. Here we detail our justification for this
claim.
Formally, our prior on the systematic is improper. To carry

out this investigation, we instead assumed it is uniformly
distributed from 0 to 100,000 mK2, far in excess of the noise
levels used in this numerical experiment (and therefore well-
approximating the improper prior assumed in the likelihood).
We then simulated samples from the systematic prior and
different Gaussian noise distributions for two fictitious
“neighboring” power spectrum bins with varying correlation
coefficient: 0, 0.1, and 0.99, and standard deviation 1000 mK2

(chosen because they are simple, round numbers at approxi-
mately the sensitivity of the z < 8 limits in Table 5). In each
case, we used the large number of simulated draws to form a
kernel density estimate of the marginal density of these
contributions to the pair of power spectrum bins. Then, for
several fictitious measurements and broad uniform priors from
10–1000 mk2 on the signal power spectrum in the two bins, we
normalized the density estimates so that they were properly
normalized posterior probability distributions.
In summary, we derived marginal posterior distributions for

the “21 cm signal” (parameterized simply as the power
spectrum amplitude in two neighboring k-bins) for mock data
generated with different levels of true correlation between the
neighboring k-bins, but for which the likelihood model
assumed no correlation. We obtained such posteriors in a
range of scenarios: systematics-dominated, noise-dominated,
and signal-dominated.
We found that, regardless of whether the measurements

were noise-limited (e.g., 1000 mK2), or if one (or both) were
strongly systematically contaminated (e.g., 10000 mK2), the
three resulting posteriors (for the different true correlation
levels) were all nearly identical—even for the case where the
noise correlation between the two bins was 0.99. Variations in
posterior probability density were at most ∼2%, where the
strongest deviations occurred in the noise-limited case with
correlation coefficient equal to 0.99. For a correlation
coefficient of 0.1, deviations were subpercent in all cases.
This means that posterior inferences would be nearly the same
regardless of whether we fully modeled the noise correlations
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in our likelihood. We believe that this occurs because of the
strong uncertainty (and lack of correlation) that is reflected by
our model for systematic effects, which is not particularly
realistic. We suspect that more realistic treatments of the
systematic effect (particularly if they do not range by many
orders of magnitude and are not totally uncorrelated) may
create very different posteriors in the presence of correlated

noise, and would therefore demand more careful noise
modeling in the astrophysical inference step.

Appendix F
Table of Power Spectrum Upper Limits

The following table contains the limits presented in
Figure 16.

Table 5
The Full Set of Spherically-Averaged Upper Limits in All Redshift Bands From This Work, As Displayed in Figure 16

k Δ2(k) 1σ UL
2 k Δ2(k) 1σ UL

2

(h Mpc−1) (mK2) (mK2) (mK2) (h Mpc−1) (mK2) (mK2) (mK2)

z = 24.37 0.30 115,193,441 2,024,176 119,241,794 0.85 26,288,139 14,288,749 54,865,638
... 0.41 14,545,056 1,790,638 18,126,332 0.96 31,125,314 20,641,861 72,409,037
... 0.52 4,975,043 3,255,384 11,485,811 1.07 101,151,265 28,620,389 158,392,044
... 0.63 10,890,061 5,868,207 22,626,477 1.18 −22,797,735 36,778,435 73,556,871
... 0.74 19,442,615 9,617,651 38,677,919 1.29 9,617,674 48,273,574 106,164,823

z = 19.80 0.25 76,689,186 1,543,420 79,776,026 0.98 148,711 14,129,685 28,408,081
... 0.40 13,100,453 1,126,258 15,352,970 1.12 37,439,608 21,798,781 81,037,171
... 0.54 6,144,314 2,491,275 11,126,866 1.26 6,369,229 31,762,166 69,893,562
... 0.69 9,482,752 5,083,277 19,649,308 1.41 82,269,409 43,227,317 168,724,043
... 0.83 26,944,303 9,078,540 45,101,385 ⋯ ⋯ ⋯ ⋯

z = 16.78 0.25 18,392,322 429,193 19,250,710 0.98 −104,028 2,557,758 5,115,517
... 0.40 1,408,317 190,982 1,790,281 1.13 −628,410 3,880,214 7,760,429
... 0.55 252,112 439,236 1,130,584 1.27 14,663,521 5,668,569 26,000,660
... 0.69 −1,146,024 875,715 1,751,430 1.42 −1,565,451 7,639,973 15,279,947
... 0.84 1,759,759 1,588,757 4,937,274 1.57 13,252,746 10,600,422 34,453,590

z = 10.76 0.48 164,176 4,589 173,355 1.31 28,485 61,975 152,436
... 0.76 21,703 12,291 46,285 1.58 128,749 109,418 347,587
... 1.03 21,326 30,541 82,409 1.86 129,559 180,625 490,811

z = 9.87 0.33 495,706 9428 514,562 1.26 296 39,414 79,125
... 0.51 24,337 2995 30,328 1.44 −68,169 58,410 116,821
... 0.70 21,512 6926 35,364 1.63 176,688 87,697 352,083
... 0.89 3656 13,695 31,048 1.82 31,596 119,782 271,160
... 1.07 −7101 24,293 48,586 2.00 104,834 159,778 424,392

z = 7.63 0.37 16,563 811 18,187 1.45 4208 9880 23,969
... 0.59 1734 689 3113 1.66 17,483 14,816 47,116
... 0.80 1421 1677 4776 1.87 34,627 21,188 77,004
... 1.02 11,316 3487 18,291 2.09 −13,916 28,712 57,424
... 1.23 6891 5942 18,777 ⋯ ⋯ ⋯ ⋯

z = 7.05 0.44 2768 372 3513 1.46 2703 8155 19,014
... 0.70 −494 887 1775 1.71 20,386 13,505 47,398
... 0.95 921 2296 5514 1.97 12,768 20,132 53,032
... 1.21 490 4604 9699 2.22 −3,748 28,476 56,952

z = 5.56 0.55 1695 181 2058 1.81 −2295 4434 8,869
... 0.87 435 496 1428 2.13 3648 7218 18,086
... 1.18 1894 1269 4433 2.44 −19,753 10,793 21,586
... 1.50 322 2536 5394 ⋯ ⋯ ⋯ ...

Note. Columns are the wavenumber k, the estimated power spectrum, the 1-sigma estimated thermal noise error, and the 2-sigma upper limit. The lowest absolute
limit at each redshift is shown in bold font.
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