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The imaging detection limit in observational astronomy de-
termines how faint an object can be observed with a given 
instrument and exposure time (1–3). It is limited by noise 
from the instrument (4–7), sky background (8), and photon 
statistics (9). Larger-aperture telescopes and advanced in-
strumentation can collect more photons, reduce instrumental 
readout noise, and thus improve the signal-to-noise ratio 
(S/N) of the resulting image (10–12). However, other sources 
of background noise—such as those from zodiacal emission, 
Galactic foregrounds (13), and atmospheric scattering (8)—
cannot be corrected by those advances in hardware. 

Software signal processing algorithms have been used to 
improve the S/N in astronomical imaging. A widely adopted 
method involves aligning and co-adding multiple exposures. 
If there are M exposures, each in the background-dominated 
regime, this theoretically improves the S/N by a factor of 

M  (Fig. 1A), assuming the pixel-level noise is independent 
and identically distributed (i.i.d.) (14–16). However, this ap-
proach provides diminishing returns for deep surveys, be-
cause the required exposure time scales prohibitively with 
increasing depth. Taking the James Webb Space Telescope 
(JWST) as an example, increasing its 5σ detection limit 
(where σ is the standard deviation of the noise) from 31 to 32 
magnitudes (mag, on the AB system unless otherwise stated; 
higher numbers are fainter) in the F115W band (this notation 
indicates a wideband filter centered at 1.15 μm) would require 
increasing the total exposure time from 4 days to 

approximately one month (17). Convolution with a smoothing 
kernel can also improve the detection limit (18, 19), by rein-
forcing local pixel correlations and suppressing high-fre-
quency noise. However, smoothing methods inevitably 
degrade the spatial resolution. 

Deep learning algorithms have been employed in de-
noising techniques for astronomy (20–23). Supervised deep 
denoising methods utilize machine learning trained on pairs 
of noisy and clean images, from single (24) or multiple expo-
sures (25, 26). In astronomy, such image pairs are typically 
generated synthetically (21) or through paired long and short 
exposures (22, 23). The effectiveness of these methods is lim-
ited by substantial differences between synthetic and real 
data, coupled with the complexity and variability of noise in 
astronomical imaging. Collection of long and short exposure 
pairs is constrained by the limited observing time available, 
restricting the availability of reliable training data. 

Alternative self-supervised methods require only a single 
image (20, 27–29) or pairs of noisy images (21) for training; 
several of these methods are based on the Noise2Noise (N2N) 
algorithmic framework (30). These methods typically rely on 
the overall image S/N as the primary performance metric, 
which does not necessarily describe the practical improve-
ment for astronomical applications. These methods can in-
troduce artefacts and miss real sources after processing, even 
in images that appear to be visually clean (31). 
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The detection limit of astronomical imaging observations is limited by several noise sources. Some of that noise is correlated 
between neighboring pixels and exposures, so in principle could be learned and corrected. We present the Astronomical Self-
supervised Transformer-based Denoising (ASTERIS) algorithm, which integrates spatiotemporal information across multiple 
exposures. Benchmarking on mock data indicates that ASTERIS improves detection limits by 1.0 magnitude at 90% 
completeness and purity, while preserving the point spread function and photometric accuracy. Observational validation using 
data from the James Webb Space Telescope (JWST) and Subaru telescope identifies previously undetectable features, 
including low-surface-brightness galaxy structures and gravitationally-lensed arcs. Applied to deep JWST images, ASTERIS 
identifies three times more redshift ≳ 9 galaxy candidates than previous methods, with rest-frame ultraviolet luminosity 1.0 
magnitude fainter. 
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To mitigate cosmic ray hits, pixel saturation, and spatially 
varying background emission, astronomical imaging observa-
tions typically adopt multiple dithered exposures (32). Co-ad-
dition (also known as stacking) methods average pixel values 
across the multiple exposures, while rejecting outlier pixel 
values (Fig. 1A). However, the assumption that noise is pixel-
level i.i.d. is generally violated in real data, due to spatial cor-
relations introduced by the telescope’s point spread function 
(PSF), structured background emission, and instrumental ef-
fects. Therefore, in practice co-addition methods do improve 
the S/N, but a deeper detection limit might theoretically be 
achievable. Algorithms that capture spatial correlations 
could further improve the performance after co-addition. For 
example, N2N-based methods (30) employ convolutional 
neural networks (CNNs) to capture local spatial correlations 
in a single co-added image, providing improved noise sup-
pression (Fig. 1A). 

 
Concept, design and implementation 
We extended the N2N concept of single-image denoising, to 
multiple exposures of the same target field. We designed a 
machine learning algorithm, which we name Astronomical 
Self-supervised Transformer-based Denoising (ASTERIS), to 
exploit the spatiotemporal correlations between multiple ex-
posures, with the goal of producing a higher-S/N image dur-
ing the co-addition process of a stack of exposures. The 
algorithm is applied after conventional imaging data reduc-
tion but before the identification of sources in the image (Fig. 
1A). 

ASTERIS employs a tailored spatiotemporal learning 
strategy, using a dedicated attention mechanism to fuse 
structured voxel (two-dimensional image pixels with a third 
dimension representing the multiple exposures) information 
in exposures that are astrometrically aligned to the same 
world coordinate system (WCS). Figure S1A shows the de-
tailed neural network architectures we adopted. 

For self-supervised training, ASTERIS requires a total of 
16 astrometrically aligned exposures of the same field. These 
are divided into two independent sets: an input set and a tar-
get set, each containing eight exposures. Both sets share the 
same underlying signal expectation but have independent 
noise realizations (33). By minimizing the loss function be-
tween the two sets, the neural network learns to estimate the 
signal expectation of the input set exposures using the target 
set exposures as a proxy for a clean reference image. For the 
loss function, we adopt a composite of two components: (a) 
the mean squared error (MSE) between the co-addition of the 
input set and the target set (the average loss), and (b) the 
mean absolute error (MAE) calculated between individual 
corresponding exposures from each set (the frame loss). We 
investigated different loss functions and found that this ap-
proach reduces complex background noise, preserves faint 

astronomical signals that would otherwise be buried beneath 
local noise fluctuations, and reduces false positive detections 
(33). Once the neural network has been trained using these 
16 exposures, the algorithm can perform denoising on any 
eight input exposures from the same instrument [chosen 
based on the number of exposures typically used in JWST 
deep imaging surveys (32)], without requiring additional ref-
erence data. This algorithmic framework can also accommo-
date different numbers of input exposures, as discussed 
below. 

Given the wide dynamic range of most astronomical im-
aging observations, and because noise primarily affects faint 
sources, ASTERIS selectively operates on the fainter parts of 
each image. Specifically, we impose an input flux threshold 
of 3σ significance above the background noise, chosen for 
practical reasons (33). Pixels below this threshold are re-
tained for denoising by the neural network, while pixels 
above 3σ are temporarily clipped, median combined and later 
directly re-integrated into the final image. This approach pre-
serves the original dynamic range without introducing a dis-
continuity in flux values (Fig. 1, B to D, and figs. S2 and S3). 
Imposing this threshold concentrates the neural network’s 
learning capacity on low-S/N parts of the image, thereby op-
timizing for faint-source detection and characterization. 

 
Algorithmic performance 
To quantitatively evaluate the performance of ASTERIS, we 
developed an evaluation pipeline using mock data, an estab-
lished method in observational astronomy. To generate the 
mock data, we utilize real images in the F115W filter taken 
from the JWST GLIMPSE (Gravitational Lensing & NIRCam 
Imaging to Probe Early Galaxy Formation and Sources of 
Reionization) program (34), which obtained 168 dithered ex-
posures at a single pointing. We injected mock sources into 
the real data (table S2), then tested their recovery using 
ASTERIS. This approach ensures the independence and vari-
ability of background realizations. 

The images were resampled to a pixel scale of 0.04 arcsec-
onds (″), then a source-free 128 × 128-pixel region was se-
lected as the background. We generated 2000 independent 
background realizations by randomly selecting sets of eight 
exposures from the 168 available images (≈ 6 × 1015 possible 
combinations; fig. S4A). This ensures that the set of realiza-
tions are statistically independent and avoids sampling bias. 
Astronomical observations typically assess their complete-
ness for point sources, so we inject 25 isolated mock point 
sources in each background realization, for a total of 50,000 
mock sources. The assumed distribution of mock source 
properties followed a cubic power-law from 27.5 to 31.5 mag 
(fig. S4B). For the mock testing, we used an ASTERIS model 
that was trained on real JWST data from four other observing 
programs (33), which converged in approximately 10 epochs 
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(~ 26 hours). Inference on each 8-exposure 1650 × 1650-pixel 
image stack required ~ 18.1 s to generate a denoised 1650 × 
1650-pixel output image, using 4 graphics processing units 
(GPUs, each with 40 GB of GPU memory). Detailed computa-
tional costs are discussed in the supplement (33). 

To assess the performance of ASTERIS (trained on JWST 
data; table S1), we compared the results to existing methods, 
including: co-addition (outlier-rejected averaging); Gaussian 
smoothing (18); Block-Matching and 3D Filtering (BM3D) 
(35); Block-Matching and 4D Filtering (BM4D) (36); Neigh-
bor2Neighbor (27); and N2N (30) (fig. S5). We used the ver-
sion of N2N implemented using the Restormer architecture 
(37), similar to that used in ASTERIS. Sources were identified 
in the output image produced by each method using the 
Source Extractor software (38), in an identical configuration 
(33). We find that ASTERIS consistently yields narrower im-
age histograms, indicating lower noise standard deviation, 
and more true positive sources (see Fig. 2, B to D, which com-
pare ASTERIS to co-addition and N2N). We calculate the 
source-dependent photometric S/N using circular apertures 
of 0.14″ radius, which enclose approximately 80% of the PSF 
flux in these JWST data (fig. S4C). Using this metric, the re-
sulting 5σ sensitivity provided by N2N is an improvement 
over co-addition, and ASTERIS is an improvement over N2N 
(Fig. 2E). 

The photometric S/N, which quantifies visual perfor-
mance, does not fully capture the practical improvements in 
astronomical applications. We performed an analysis of 
source completeness (the fraction of true sources that are cor-
rectly detected) and purity (the fraction of detections that are 
true positive sources) (33), which are commonly employed to 
quantify detection performance in astronomical imaging. At 
the 90% completeness level, N2N improves the detection 
limit by 0.1 mag compared to co-addition, while ASTERIS im-
proves it by about 1.0 mag (Fig. 2F). At 90% purity, ASTERIS 
improves by more than 1.5 mag compared to co-addition, and 
1.0 mag compared to N2N, indicating a concurrent reduction 
in false positives (Fig. 2G). When evaluated using the F-score 
metric (equation S7), which combines completeness and pu-
rity (33), ASTERIS improves the limiting depth at F-score = 
0.9 by about 1.7 mag compared to co-addition (Fig. 2H) and 
1.4 mag compared to N2N (fig. S5K). We find similar improve-
ments under less controlled conditions, with a larger field 
and bright sources masked out (fig. S6), which more closely 
resemble real observations. We also performed quantitative 
analyses of the performance variations resulting from differ-
ent combinations of loss functions during training (fig. S7) 
and different flux thresholds for the sigma-clipping method 
used in ASTERIS (fig. S8). 

To investigate the effect of ASTERIS on spatial resolution 
and photometric measurements, we evaluated the PSF fidel-
ity and photometric accuracy (33). We derived the PSF 

profiles output by each method using the radially averaged 
flux around the extracted PSF centers (Fig. 2I). A two-sample 
Kolmogorov–Smirnov test (39) comparing the PSF profiles 
from ASTERIS and co-addition yielded a p-value of 0.9, indi-
cating no statistically significant difference between them. In 
contrast, the same test for N2N yielded a statistically signifi-
cant p < 0.05, which we interpret as indicating degraded res-
olution in the N2N output. We performed additional tests of 
photometric accuracy (33), finding no evidence of systematic 
biases introduced by ASTERIS, and slightly improved photo-
metric precision for faint sources, compared to co-addition 
(Fig. 2J). We also verified that the ASTERIS output is robust 
to the permutation order of the input exposures (figs. S9 and 
S10). 

 
Observational validation and generalization 
Detecting faint sources or low-surface-brightness features 
(40) is challenging in astronomical imaging. We evaluate the 
performance of ASTERIS for this task (33), using the same 
trained model as in Fig. 2. We use space-based JWST data, 
and ground-based data from the Subaru telescope, to assess 
the generalization capability of the algorithm. All the data 
used for testing was excluded from the training dataset (table 
S1). 

We again utilize NIRCam data from the JWST GLIMPSE 
program (34): eight exposures (independent from the train-
ing data) for co-addition benchmarking and ASTERIS de-
noising, and a deep co-addition of 168 exposures serving as 
ground truth. For this test, ASTERIS utilized not only infor-
mation derived from the eight exposures, but also the statis-
tical priors previously learned from the training datasets 
(table S1), which used the same instrument. This test was ap-
plied to observations taken in three filters: F115W (Fig. 3, A 
to F, and J to L), F090W (Fig. 3, G to I), and F444W (Fig. 3, 
M to O). 

For faint sources, especially those in a crowded field near 
bright sources (41), the presence of spatially complex back-
ground noise compromises both source detection and accu-
rate flux estimation (Fig. 3A and fig. S11A). We analyzed a 
representative crowded field, which contains numerous faint 
sources that were undetected in a standard co-addition of the 
8-exposure NIRCam stack, but were detected in the 168-expo-
sure co-addition of the same field. Using Source Extractor, we 
identify 169 sources in the 168-exposure image (Fig. 3C and 
fig. S11C), of which 97 are recovered by ASTERIS from the 8-
exposure input (fig. S11B). We verified that the cross-matched 
sources are true positives and preserve photometric accuracy 
(Fig. 3, B to F). In contrast, the conventional 8-exposure co-
addition recovers only 50 of these sources (fig. S11A) under 
identical Source Extractor settings. When ASTERIS is applied 
directly to the full 168 exposures, 229 sources are detected 
(Fig. 3D and fig. S11D), 35% more than were identified using 
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standard methods. This demonstrates that ASTERIS can 
identify additional sources in an existing dataset, without the 
need for additional exposure time or hardware upgrades. We 
verified this conclusion (fig. S12) using imaging data from an-
other JWST program (42). 

To investigate low-surface-brightness features, we con-
sider the extended stellar disks and diffuse outer arms of spi-
ral galaxies (43, 44), which are often undetectable in 
observations (Fig. 3, G to I, and fig. S13B). We apply ASTERIS 
to F090W data from the JWST GLIMPSE program and calcu-
late the structural similarity (SSIM) metric (45), which quan-
tifies the suitability of an image for morphological 
characterization of galaxies. For an 8-exposure co-addition, 
we find that ASTERIS improves the SSIM value from 0.37 
(Fig. 3G) to 0.67 (Fig. 3H), compared to standard methods. In 
the same image, we find that ASTERIS also improved the re-
construction of a low-surface-brightness gravitationally 
lensed arc (Fig. 3, J to L, and fig. S13D), the distorted image 
of a distant galaxy (46). For this lensed arc, the SSIM in-
creases from 0.59 using standard co-addition (Fig. 3J) to 0.81 
using ASTERIS (Fig. 3K). We find similar improvements in 
the identification of groups of faint and diffuse galaxies (Fig. 
3, M to O, and fig. S13F). 

To investigate whether ASTERIS generalizes to data from 
different instruments, we utilize observations from the 
ground-based Subaru telescope using the Multi-Object Infra-
red Camera and Spectrograph (MOIRCS) (47, 48). Compared 
to the space-based JWST data, these observations have lower 
spatial resolution due to atmospheric turbulence (seeing), 
and higher sky background noise (Fig. 3P). Directly applying 
the JWST-trained model leads to some false positive sources 
(fig. S14B). We therefore trained a dedicated ASTERIS model 
using Subaru datasets from three observing programs (33, 
49). This was used for a similar test to the JWST data, apply-
ing ASTERIS to a stack of eight 3-s Subaru exposures, and 
comparing the results to a deeper (2088 s) co-added exposure 
of the same field (Fig. 3R) using the same instrument in the 
same Ks band (short K, a near-infrared filter centered at 2.15 
μm). We find that ASTERIS recovers the faint sources in this 
ground-based data (Fig. 3Q and fig. S13H). 

 
Application to faint high-redshift galaxies 
As an example application of ASTERIS, we search for high-
redshift galaxies, the most distant and earliest known galax-
ies with extremely faint apparent magnitudes. We employ 
ASTERIS to process images from the JWST Advanced Deep 
Survey (JADES), in the JADES Origins Field (JOF) (50, 51). 
This dataset uses 14 filters from F090W to F444W (table S1). 
Previous studies have identified a population of high-redshift 
galaxy candidates in the JOF, with redshifts z ~ 9 to 15 (some 
with only a photometric redshift zphot, others with a spectro-
scopically confirmed redshift), with the faintest having rest-

frame ultraviolet (UV) absolute magnitudes MUV = -17 (52, 53). 
We run ASTERIS on the JOF data, identify sources using 
Source Extractor, and select high-redshift galaxy candidates 
(33) using criteria that are consistent with previous work 
(53). 

The 5σ depth of the JOF in previous work was 30.3 to 30.8 
mag, varying between the 14 bands (53). We find this im-
proves to 30.9 to 31.6 mag using ASTERIS (fig. S15). We iden-
tify 162 high-redshift galaxy candidates at zphot ≳ 9, which is 
approximately three times the number previously identified 
(table S3, Fig. 4, and fig. S16). The faintest candidates we 
identify have MUV ≈ −16 mag, one magnitude fainter than in 
previous studies. ASTERIS recovers all the high-redshift gal-
axies in JOF that have been spectroscopically confirmed by 
previous work (1), or were identified as candidates by multi-
ple previous works (52, 53). 75% of the high-redshift galaxy 
candidates identified using ASTERIS were not previously re-
ported (52, 53). Table S3 and data S1 list the measured MUV 
and photometric redshifts for all the candidate sources. We 
assessed the detection and selection completeness using 
source-injection simulations (fig. S17) (33). 

We ascribe this threefold expansion in the number of 
identified candidates to two primary effects of ASTERIS. 
First, ASTERIS enables the detection of fainter sources, with 
apparent magnitude of 31 to 32 (Fig. 5, A and B). By suppress-
ing the noise, ASTERIS improves the detection limit, allowing 
previously marginal signals to become detections. Secondly, 
the improved S/N for faint sources helps to resolve ambigui-
ties in the photometric redshift of each source (Fig. 5, C and 
D). High-redshift galaxy candidates are selected using the 
Lyman-break technique (54), in which intervening neutral 
hydrogen in the intergalactic medium absorbs UV light blue-
ward of the Lyman-α line (1215.6 Å). The wavelength of this 
break is redshifted into the near-infrared for z ≳ 9 objects, 
causing them to appear bright in longer-wavelength filters 
but remain invisible in shorter-wavelength filters (referred to 
as a dropout). Therefore, a strong break or non-detection 
(S/N < 2) of galaxies at wavelengths shorter than rest-frame 
1215.6 Å serves as the primary indicator of a high-redshift 
source. However, some low-redshift galaxies have a similar 
break at the shorter rest-frame wavelength 0.4 μm due to the 
Balmer break (55, 56). If the brightness of those sources is 
similar to the noise level, a low-redshift Balmer break can be 
misidentified as a high-redshift Lyman break, or the data are 
unable to distinguish between these two possibilities. 
ASTERIS reduces this effect by providing deeper detection 
limits in the dropout bands, thereby better constraining the 
source photometric redshift, particularly for sources that 
were marginally significant (S/N ~ 2) using standard co-ad-
dition methods (Fig. 5D). 

The JOF field contains some even higher redshift galaxy 
candidates (z > 16) which were not identified by previous 
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works (52, 53). Our analysis using ASTERIS identifies four 
candidates with z ~ 16 to 22.5 (table S3). Figure 5E shows an 
example dropout in the F200W band. The redshift probability 
distribution for this source derived using ASTERIS (fig. S18A) 
shows the high-redshift solution (zphot = 17.08; Fig. 5E) is far 
more probable than the alternative low-redshift solution (fig. 
S18B). 

We use the identified galaxy candidates to quantify the 
rest-frame UV luminosity functions, which describe the num-
ber density of galaxies with different luminosities in selected 
redshift bins. The ASTERIS analysis identified 125 galaxy can-
didates at z ~ 9 to 12, and 33 galaxy candidates at z ~ 12 to 16, 
within an observed volume that is substantially smaller than 
previous studies (52, 53). Figure 6 shows the resulting UV lu-
minosity functions, which we fitted with models (33) that 
have steep faint-end slopes of –2.45 ± 0.03 for z ~ 9 to 12 and 
–2.28 ± 0.02 for z ~ 12 to 16. These values indicate higher 
number densities of faint galaxies (MUV ≳ −16) than were pre-
dicted by theoretical models (57, 58). 

 
Extension to different numbers of exposures 
Due to the neural network architecture (fig. S1), ASTERIS re-
quires an even number of input exposures. Our choice of an 
8-exposure input in ASTERIS was made based on the recom-
mended observing strategy for deep JWST surveys (typically 
9-point dithers) (32) while balancing the neural network’s 
memory requirements and computational efficiency. To test 
its applicability to other survey strategies, we also developed 
a 4-exposure variant of ASTERIS (33). Compared to the 8-ex-
posure version, the 4-exposure neural network provides a 
smaller improvement in detection limit—from 1.0 mag to 0.7 
mag at 90% completeness—with a corresponding decrease in 
the identification of faint sources (fig. S19). We attribute this 
degradation to the reduced availability of spatiotemporal in-
formation in the smaller number of exposures. 

We strongly discourage artificially duplicating exposures 
to increase the number of input exposures, because this 
would violate the assumptions required for the spatiotem-
poral learning strategy. Our tests of this approach (33) show 
it increases the false positive rate (fig. S20). In the opposite 
situation, where more exposures are available than accepted 
by ASTERIS, they can be grouped into subsets and each sub-
set combined (via co-addition) to produce the required num-
ber of exposures. For example, a set of 24 exposures can be 
co-added in eight subsets of three exposures each, then the 
eight combined exposures used as input for ASTERIS (fig. 
S21A). We also tested situations where the number of availa-
ble exposures is not a simple multiple of those used by 
ASTERIS, such as 21 exposures used by the 8-exposure ver-
sion of ASTERIS (fig. S21B), or seven exposures used by the 
4-exposure version of ASTERIS (fig. S21C). 

 

Methods summary 
For training and testing ASTERIS, we used JWST NIRCam 
imaging data from programs 3293 (34), 1210, 3215 (50, 51), 
1963 (59), and 4111 (42), spanning filters from F070W to 
F480M (the latter is a medium band filter centered at 4.80 
μm). We reduced these data using the JWST Science Calibra-
tion Pipeline v1.15.1 (60), with additional procedures as pre-
viously recommended to mitigate instrumental artifacts (61, 
62). Astrometric calibration of the exposures was performed 
using published catalogs (50, 63). We combined astrometri-
cally aligned individual exposures along the temporal domain 
to form a 3D data cube, then applied a 3σ clipping to separate 
the cube into a faint part and a bright part. Only the faint 
part was used for ASTERIS training and was Z-score normal-
ized (equation. S4) prior to being input into the neural net-
work. 

The neural network architecture of ASTERIS utilizes a 
spatiotemporal 3D U-Net framework, enhanced with multi-
deconvolved head-transposed attention, to overcome the re-
ceptive field limitations of traditional CNNs. We trained 
ASTERIS separately for the long-wavelength (filter central 
wavelength ≥ 2.5 μm) and short-wavelength (< 2.5 μm) 
NIRCam imaging data. The loss function comprised a 
weighted combination of MSE and MAE losses (equations S1-
S3). The training dataset was segmented into 120,000 patches 
(60,000 pairs) with each patch formatted as an 8 × 128 × 128 
pixel data cube. The training reached convergence in approx-
imately 10 iterations (~26 hours). 

For denoising, ASTERIS partitions input exposures into 
patches according to the specified patch size and the number 
of available GPUs. We benchmarked ASTERIS against previ-
ous denoising methods using the injection of mock sources 
into the JWST NIRCam F115W data, using a model PSF gen-
erated with the STPSF software (64). These mock sources, 
ranging from 27.5 to 31.5 mag, followed a third-order power-
law distribution, to match the source counts in the real ob-
servations. We quantified the performance using metrics in-
cluding completeness, purity, and the F-score (equation S7) 
(65, 66). The output PSF from the different methods was ex-
tracted using the PSFEx software (67) and its profile analyzed 
using radial averaging. Photometric accuracy was investi-
gated through forced-aperture photometry at known mock-
source locations. 

The trained ASTERIS was then applied to identify faint 
high-redshift galaxy candidates within the JOF (50, 51). 
Source detection was performed using Source Extractor (38) 
on a composite detection image generated by co-adding the 
ASTERIS-denoised images in F277W, F356W and F444W. We 
conducted forced-aperture photometry with a 0.1″ radius cir-
cular aperture across all filters, applying aperture corrections 
based on PSF profiles and the flux ratio between circular and 
Kron photometry (68). The photometric uncertainties were 
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estimated using random aperture sampling (same radius as 
used in photometry) on source-free regions. We adapted the 
criteria from previous work (53) for high-redshift galaxy can-
didate selection, followed by a preliminary spectral energy 
distribution (SED) fitting using the EAZY software (69) and a 
suite of template spectra (70). The physical properties of the 
candidates were inferred with the Bayesian Analysis of Gal-
axy SEDs (BEAGLE) software (71) using pre-existing models 
(53). Binned luminosity functions were calculated using the 
effective volume method (72) (equations S8-S9) and charac-
terized by fitting a Schechter function (73). Their complete-
ness was evaluated using mock source injection and recovery 
tests. 
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Fig. 1. Schematic overview of the ASTERIS algorithm. (A) Comparison between standard co-addition (outlier-
rejected averaging), N2N denoising, and ASTERIS denoising. The columns from left to right illustrate the input 
data, denoising methods, underlying principles, and conceptual denoising effect. Solid lines denote data flow and 
dashed lines are the corresponding effect. In the third column, multi-colored grids illustrate the input noisy pixels 
in spatial (x, y) and temporal (t) dimensions, while the blue grid represents the resulting denoised pixel. Co-addition 
(top row with gray shading and arrows) increases the S/N by averaging multiple exposures under the assumption 
of independent pixel-level noise; however, faint signals remain below the residual noise fluctuations (standard 
deviation, std). The N2N deep-learning-based single-frame denoising method (middle, blue shading and arrows) 
reduces the noise std by modelling local spatial correlations, improving the S/N of bright sources (compared to 
co-addition) but recovering few additional faint sources. ASTERIS (bottom, pink shading and arrows) jointly 
processes multiple exposures, producing a single denoised frame by learning spatiotemporal correlations. This 
both reduces the noise std and recovers more previously undetectable faint sources. (B) Pre-processing in 
ASTERIS. Multiple exposures of the same pointing are combined after data reduction and astrometric alignment, 
then separated into a bright part and a faint part, using a 3σ clipping threshold. (C) Training of ASTERIS. The faint 
part of the image (≤ 3σ) is randomly sampled into input and target sets for self-supervised learning by a neural 
network. The model is trained to minimize both an average loss (MSE) and a frame loss (MAE) between the neural 
network output and the target exposures. (D) Denoising in ASTERIS. The faint part (≤ 3σ) of the multi-exposure 
image stack is denoised by ASTERIS, then recombined by co-adding the median of the bright part (> 3σ), to 
produce the final denoised image with full dynamic range. 
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Fig. 2. Characterization of ASTERIS using mock sources. (A) Example mock sources with no background, serving 
as the ground-truth image. Red circles indicate true positive (TP) source detections using Source Extractor, counted 
by the labeled number n. The black scale bar is 1.0″ and the color bar is in megajansky per steradian (MJy sr−1). (B) 
Image produced by co-addition of 8 exposures generated by injecting the mock sources in panel A into real 
background noise taken from JWST NIRCam F115W images. The same exposures were used as input for (C) N2N and 
(D) ASTERIS. The same Source Extractor parameters were used in each panel. Histograms below panels B-D show 
the corresponding pixel values, as a measure of the background noise variance. (E) Colored lines show the derived 
source-dependent photometric S/N after denoising using each method (see legend). Solid lines show the mean S/N, 
in 0.25 mag bins, from 50,000 injected sources; shaded regions indicate the ±1σ scatter. The horizontal dot-dash 
black line in panels E-F indicates the 5σ detection threshold. (F) Detection completeness (lines with data points) and 
number of true positives (histograms) for each method. The vertical black lines indicate the 90% completeness level 
using each method. (G) Same as panel F but for detection purity (lines) and number of false positives (histograms). 
The dashed line is at 90% purity. (H) The F-score metric (equation S7) for each method. The dashed line indicates F-
score = 0.9. (I) The PSF profiles (colored lines) from each method, using 0.04″ pixel sampling. The model PSF (light 
gray) was generated using the STPSF software (64), sampled at 0.01″. (J) Comparison of photometric accuracy for 
the 50,000 mock sources, as measured using co-addition (black points) and ASTERIS (red points). The dashed black 
line indicates no difference between the mock injection and the derived measurement. The data in panels E, F, and J 
were all measured using 0.14″ radius circular apertures around the identified sources (33). Figure S6 shows another 
example in a larger and more crowded field.  
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Fig. 3. Observational validation of ASTERIS on real data. t0 is the individual exposure time and M× indicates that 
M exposures were used. (A to D) A crowded field observation from JWST NIRCam in F115W, with t0= 837.5 s. n is 
the number of sources identified by Source Extractor with fixed parameters. The images resulting from (A) co-
addition of 8 × t0 exposures, (B) ASTERIS applied to 8 × t0 exposures, and (C) co-addition of 168 × t0 exposures, 
serving as the ground truth for panels A and B. (D) ASTERIS applied to 168 × t0 exposures, which shows fainter 
sources than the ground truth image in panel C. (E) 2D surface profiles of the region within the red-boxes in panels 
A and B. (F) Comparison of the measured fluxes for true-positive sources in panels A and B. The dotted red line 
indicates identical values in the two methods. (G to I) Similar to panels A-C, but for an example spiral galaxy 
observed using JWST NIRCam in F090W, with a zoom-in view of the spiral arms. The labeled SSIM values of the 
zoomed-in regions in panels G and H were computed relative to the image in panel I. (J to L) Similar to panels A-C, 
but for an example gravitational lensing arc, observed using JWST NIRCam in F115W. Green contours are at 3σ 
significance. The labeled SSIM values in panels J and K were computed inside the contours, relative to the image in 
panel L. (M to O) Similar to panels A-C, but for an example group of faint and diffuse galaxies observed using JWST 
NIRCam in F444W. (P to R) Similar to panels A-C, but for another group of faint sources observed using Subaru 
MOIRCS in Ks-band. For these data, t0 = 3 s. (R) A co-addition with total exposure time of 2,088 s, serving as the 
ground truth for panels P and Q. The scale bars in panels A, G, J and M are 0.5″, and in panel P is 4″. Figure S13 
shows a comparison of spatial profiles taken from the same three example JWST regions. 
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Fig. 4. Application of ASTERIS to faint high-redshift galaxy candidates in the JOF. (A) The background is a false-
color RGB composite image of the JOF NIRCam imaging processed using ASTERIS; blue is F115W + F150W, green is 
F200W + F277W, and red is F356W + F444W. Green boxes outline the boundaries of the F200W image footprint. The 
scale bar is 20″. Diamond symbols indicate high-redshift galaxy candidates identified within the F200W footprint by 
previous studies [blue (52) and purple (53)] and in this study using ASTERIS (orange). The compass arrows indicate 
north and east. (B-G) Zoomed thumbnails of the candidates in the labeled white boxes in panel A. Each panel shows 
the two F200W images produced by standard co-addition and ASTERIS. Red dashed circles around the candidate 
sources are 0.2″ in diameter. zphot is the best-fitting photometric redshift and the labeled ID numbers correspond to 
entries in table S3. 
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Fig. 5. Example high-redshift galaxy candidates identified using ASTERIS. Three example sources are shown, 
labeled with their ID number in table S3. Each panel plots the thumbnail images in each filter (below) and the 
corresponding spectral energy distribution (SED, above) (33). The scale bar in the thumbnail images is 0.5 
arcseconds. The SED horizontal axes are the observed-frame wavelength λobs. Blue solid diamonds (with 1σ error bars) 
are the observed photometry. For filters with S/N < 1.0, 2σ upper limits are plotted as open blue diamonds with 
downward arrows. Black lines are model spectra fitted to the observations, gray shading is the 1σ model uncertainty, 
and red open diamonds are synthetic photometry computed from the model spectra. (A-B) Comparison of results 
from standard co-addition and ASTERIS for a faint F115W dropout candidate which is close to the detection limit in the 
co-addition image, which did not determine its redshift. ASTERIS improves the depth of the F090W and F115W 
photometry by > 1.0 mag, constraining its redshift. (C to D) Same as panels A-B but for a source with previously 
ambiguous redshift. The F090W photometry had S/N < 2.0 in the co-addition and S/N = 4.7 using ASTERIS, which 
changes the best-fitting redshift from zphot = 9.45 to zphot = 2.08. (E) Same as panel B but for a F200W-dropout high-
redshift candidate which was identified in the ASTERIS image but not in the co-addition image. Figure S16 shows five 
additional examples. 
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Fig. 6. Rest-frame UV luminosity functions of the high-redshift galaxy candidates in JOF. These luminosity 
functions are the galaxy number density Φ [galaxies per cubic megaparsec (Mpc) per magnitude] as a function of UV 
absolute magnitude MUV. Red diamonds are the binned number densities from the ASTERIS photometry of the JOF. 
Red curves are models fitted to the data (33), with pink shading indicating their 1σ uncertainties. Blue squares show 
equivalent results from a previous analysis of the JOF using standard co-addition (53). Purple triangles are from 
another previous study of only F150W dropouts in the JOF (52). Gray symbols show results from previous studies of 
other fields [hexagons (74), circles (75), squares (76), pentagons (77), and crosses (78)]. The yellow shaded regions 
are theoretical predictions for F115W dropouts (58, 79, 80) and F150W dropouts (57, 81, 82). (A) F115W dropouts, 
corresponding to z ~ 9 to 12. The ASTERIS analysis of the JOF identifies 125 galaxy candidates in this range, with a 
median redshift of 9.51. (B) F150W dropouts, corresponding to z ~ 12 to 16. The ASTERIS analysis identifies 33 galaxy 
candidates in this range, with a median redshift of 12.97. 
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