
Denoising the Deep Sky: Physics-Based CCD
Noise Formation for Astronomical Imaging

Shuhong Liu1,2, Xining Ge2, Ziying Gu1, Quanfeng Xu3, Lin Gu4

Ziteng Cui1,2, Xuangeng Chu1,2, Jun Liu2, and Dong Li2
Tatsuya Harada1,5

1The University of Tokyo, Tokyo, Japan
2I2WM, Tokyo, Japan

3Shanghai Astronomical Observatory, Shanghai, China
4Tohoku University, Sendai, Japan

5RIKEN AIP, Tokyo, Japan

Abstract. Astronomical imaging remains noise-limited under practical
observing conditions. Standard calibration pipelines remove structured
artifacts but largely leave stochastic noise unresolved. Although learning-
based denoising has shown strong potential, progress is constrained by
scarce paired training data and the requirement for physically inter-
pretable models in scientific workflows. We propose a physics-based noise
synthesis framework tailored to CCD noise formation in the telescope.
The pipeline models photon shot noise, photo-response non-uniformity,
dark-current noise, readout effects, and localized outliers arising from
cosmic-ray hits and hot pixels. To obtain low-noise inputs for synthesis,
we stack multiple unregistered exposures to produce high-SNR bases. Re-
alistic noisy counterparts synthesized from these bases using our noise
model enable the construction of abundant paired datasets for supervised
learning. Extensive experiments on our real-world multi-band dataset
curated from two ground-based telescopes demonstrate the effectiveness
of our framework in both photometric and scientific accuracy. Code is
available at https://github.com/ShuhongLL/Denoising-Deep-Sky.
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1 Introduction

Modern imaging systems devote substantial effort to suppressing sensor noise
through advances in both hardware design and computational methods. Nev-
ertheless, digital images remain affected by fluctuations intrinsic to photon de-
tection, electronic readout, and residual artifacts introduced by sensor architec-
ture [49]. Reducing these noise sources while faithfully preserving signal fidelity
has therefore become a central objective for computational imaging.

For consumer photography, particularly in extreme low-light conditions, learn-
ing based denoising has advanced substantially [8]. To mitigate the scarcity in
acquiring strictly paired data, recent research has focused on developing sophis-
ticated noise modeling and synthesis techniques [16, 30, 31, 45, 65, 71]. Within
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Fig. 1: Overview of denoising pipeline. Left: a CMOS sensor performs in-pixel conver-
sion and shows a near-uniform pixel responsivity gain, while a scientific CCD sensor
transfers pixel charge and exhibits spatially structured gain. Right: paired training
images are limited since clean signals cannot be recovered by extending exposure or
traditional calibration. We stack raw inputs to form a high-SNR baseline, synthesize
realistic noisy raws using a physics-based noise model, and train the denoising network.

this setting, physics-based models [7, 35, 64], implicit modeling [15, 68], and
non-parametric approaches [9, 46] have been proposed to synthesize camera-
dependent noisy RAW samples at scale, tailored to the ISO-aware noise char-
acteristics of the modern Complementary Metal-Oxide-Semiconductor (CMOS)
sensors that are prevalent in consumer cameras.

Scientific imaging, particularly in astronomy, presents a different landscape
where Charge-Coupled Device (CCD) sensors remain the dominant technol-
ogy [24]. The CCD architecture differs fundamentally from CMOS cameras.
Instead of embedding amplifiers and converters at the pixel level, CCDs trans-
fer charge serially to a small set of output amplifiers [28]. This readout process
introduces distinctive noise signatures [14], including segment-specific bias and
gain variation [33], charge transfer inefficiency [41], clock-induced charge [29],
and bias drift and striping [21]. At longer wavelengths, back-illuminated CCDs
exhibit interference fringes or etaloning [24], caused by internal reflections within
the silicon substrate. Unlike consumer CMOS sensors, science CCDs record in a
single spectral band defined by filters rather than through a mosaic color pat-
tern, which alters the statistical structure of the data. Astronomical CCDs are
also exposed to unique observational effects, including cosmic-ray strikes [61]
and persistent hot pixels [43] that introduce localized outliers.

Unlike consumer CMOS imaging, where noise can often be reduced by simply
extending the exposure time, astronomical observations are fundamentally con-
strained by atmospheric effects and target dynamics. Ground-based telescopes
are subject to turbulence-induced wavefront aberrations [18], scintillation [53],
intrinsic source variability [67], and Earth’s rotation [4], all of which evolve on
timescales that make long integrations for obtaining high-SNR images impracti-
cal. As a result, CCD observations are typically acquired as a sequence of shorter
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exposures that are individually calibrated and then registered and stacked [19].
While stacking improves SNR and enables the rejection of outliers, it also faces
notable limitations. Residual offsets can arise from imperfect telescope tracking
and co-registration. [5]. Moreover, the strict alignment required for stacking is
time-consuming and not always feasible [58], especially for faint or time-variable
sources [2], or for large-area survey observations where rapid coverage is priori-
tized [27]. Consequently, the scientific usability of individual exposures remains
essential, while conventional calibration pipelines primarily suppress structured
artifacts and leave stochastic noise largely unresolved [24].

To learn the denoising model for astronomical imaging and overcome the data
sparsity commonly seen in scientific imaging, we propose a physics-based noise
synthesis framework tailored to CCD noise formation. As illustrated in Figure 1,
our pipeline models the principal sources of CCD noise, including photon shot
noise, per-amplifier bias offsets and gain non-uniformity, dark-current noise, and
readout effects such as read noise and charge transfer inefficiency at the output
amplifier. It further accounts for observational phenomena, including transient
cosmic-ray hits and persistent hot pixels, which can noticeably affect raw expo-
sures. A natural question is how to obtain the “clean” bases for synthesis, since
obtaining truly noise-free references is impractical [23]. We leverage common
practice in modern telescopes that track targets with active guiding so the scene
remains approximately fixed on the detector across sequential exposures. We di-
rectly stack multiple unregistered observation frames, which inevitably broadens
the astrophysical point-spread function due to residual drift and seeing variation,
but substantially suppresses stochastic noise without introducing interpolation
artifacts. Such averaged images are not scientifically usable per se; however, they
provide abundant high-SNR bases that preserve correct large-scale background
structure and instrument signatures. Our synthesis pipeline can generate real-
istic noisy counterparts from these bases, enabling the construction of paired
datasets for supervised learning. To validate the framework, we further con-
struct a real astronomical image dataset that contains paired raw noisy frames
and instrument-pipeline calibrated frames collected from two twin ground-based
telescope observations for real-world evaluation.

Our main contributions can be summarized as follows:

– We propose a physics-based noise formulation model tailored to astronomical
CCD imaging, capable of synthesizing realistic noisy RAW data that closely
matches the statistical properties of real observations.

– We construct real-world multi-band astronomical imaging datasets from
ground telescope observations, providing both raw and processed observa-
tions for noise synthesis and quantitative evaluation.

– Comprehensive in-domain and cross-instrument experiments demonstrate
that our method consistently outperforms baseline approaches in both pho-
tometric fidelity and scientific accuracy.
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2 Related Work

2.1 Denoising in Consumer CMOS Imaging

Recent e�orts in CMOS image denoising have largely shifted from traditional
model-based methods to deep learning approaches. While early learning-based
methods trained on synthetic Gaussian noise showed promise [69], they often
struggled to generalize to real-world scenarios where noise is more complex
and signal-dependent [8, 36]. To bridge this gap, physically based noise mod-
els that account for signal-dependent and independent noise have been pro-
posed [16,31,64,71]. Further re�nements to these models have incorporated ISO-
correlated noise characteristics [7] and explored nonparametric approaches [46]
to capture intricate noise distributions. To address the challenge of acquiring
large-scale paired datasets, unsupervised and self-supervised approaches have
been developed without requiring clean images [34,48,73]. Beyond single-image
methods, burst-based methods [20,44] exploit temporal redundancy across mul-
tiple exposures to further improve denoising quality. More recently, generative
priors have been explored for zero-shot denoising without training [51,56].

2.2 Denoising in Astronomical CCD Imaging

Astronomical imaging denoising is a fundamental challenge due to the extremely
low photon counts associated with observing faint celestial objects. A corner-
stone of conventional practice is the use of calibration frames, which correct
for readout patterns, thermal signals, pixel-to-pixel nonuniformity, and optical
vignetting [24,28]. To mitigate transient artifacts and improve the SNR, multi-
ple dithered exposures, sigma-clipping, and median �ltering are commonly em-
ployed [12,61], while advanced techniques such as drizzle have been developed to
address undersampled images from the Hubble Space Telescope [19]. In addition,
transform-domain methods, especially wavelet-based approaches, separate noise
from astronomical structures by exploiting multi-scale representations [57]. More
recently, deep learning has emerged as a promising approach, often bypassing the
need for a multi-stage calibration pipeline by performing end-to-end denoising
that simultaneously removes instrumental signatures and artifacts [37, 62, 70].
Self-supervised methods are also proposed to model noise directly from observa-
tions, o�ering an automated solution for the modern sky survey [23,38,72].

3 Method

To construct pair-wise training data for learning denoising models, our objective
is to synthesize realistic CCD noise using only a limited number of stacked clean
bases and calibration frames. We begin by introducing the CCD image formation
process in Section 3.1, then describe the synthesis of signal-dependent noise and
signal-independent noise in Section 3.2 and Section 3.3. The overview of the
noise formation model is illustrated in Figure 2.



Denoising the Deep Sky 5

Fig. 2: Overview of noise formation in astronomical imaging. Unique telescope op-
tics and CCD science cameras introduce noise characteristics that are distinct from
commercial CMOS imaging. Zoom in the noise frames for better visibility.

3.1 Astronomical Image Formation Model

A CCD camera converts incident photons into photoelectrons and also accumu-
lates thermally generated dark current during the exposure. The total charge
collected in each pixel is then transferred through the serial register to one or
more output ampli�ers and digitized. At the frame level, this process can be
separated into signal-dependent terms, which scale with illumination and ex-
posure time, and signal-independent terms, which originate from the readout
chain, sparse defects, and quantization. The system gain is G in electrons per
Analog-to-Digital Unit (ADU). Let Spxq denote the photon arrival rate at pixel
x in photons per second, �pxq the quantum e�ciency in electrons per photon,
and PRNUpxq a multiplicative factor describing pixel-to-pixel Photo Response
Non-uniformity (PRNU). The raw digital value Ipxq is then modeled as follows:

Ipxq � N overscan pxqloooooomoooooon
Constant

�
1
G

�
t�pxqSpxqPRNUpxq � N photon pxq � N dark pxq

�

looooooooooooooooooooooooooooooooomooooooooooooooooooooooooooooooooon
Signal-dependent

� N read pxq � N digit pxq � N hot pxqlooooooooooooooooooomooooooooooooooooooon
Signal-independent

(1)

In this expression, Noverscan pxq is the overscan pedestal, which provides a con-
stant o�set ensuring that all digitized pixel values remain positive. The signal-
dependent component consists of three contributions, including the target sig-
nal describing the expected photoelectron count, the photon-shot noise term
Nphoton pxq, and the dark-current noise realization Ndark pxq. The factor 1{G
provides the linear conversion from electrons to the ADU domain. The signal-
independent component then comprises additive Nread pxq, Nhot pxq, and Ndigit pxq.
Here, Nread pxq is read noise arising from the output ampli�er and correlated-
double-sampling chain, including contributions from reset and thermal noise and
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