
Astronomy & Astrophysics manuscript no. output ©ESO 2026
April 28, 2026

BGRem: A background noise remover for astronomical images
based on a diffusion model

Rodney Nicolaas1?, Sascha Caron1, 2, Fiorenzo Stoppa1, 3, Saptashwa Bhattacharyya4??, Roberto R. de Austri5, Paul J.
Groot1, 6, 7, and Andrew J. Levan1

1 Institute for Mathematics, Astrophysics and Particle Physics (IMAPP), Radboud University Nijmegen, Heyendaalseweg 135, 6525
AJ Nijmegen, the Netherlands

2 Nikhef, Science Park 105, 1098 XG Amsterdam, the Netherlands
3 Department of Physics, University of Oxford, Denys Wilkinson Building, Keble Road, Oxford OX1 3RH, UK
4 University of Nova Gorica, Centre for Astrophysics and Cosmology, Vipavska 11c, Ajdovščina, Slovenia
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ABSTRACT

Context: Astronomical imaging aims to maximize signal capture while minimizing noise. It is difficult and expensive to enhance the
signal-to-noise ratio directly on detectors, which has led to extensive research into advanced post-processing techniques.
Aims: Removing background noise from images is a valuable preprocessing step for catalog-building tasks. We introduce BGRem,
a machine-learning (ML)-based tool to remove background noise from astronomical images. Our aim is to improve image quality
and enhance the performance of the subsequent analysis pipeline, from detecting faint sources to performing source characterization
tasks.
Methods: The BGRem tool uses a diffusion-based model with an attention U-Net as backbone, trained on simulated images for
optical and gamma (γ)-ray data from the MeerLICHT and Fermi-LAT telescopes. The tool learns to denoise astronomical images in a
supervised manner over several diffusion steps. We performed preprocessing and postprocessing techniques, including normalization
and median subtraction, on these images to make them suitable for the analysis pipeline.
Results: We compared the performance of BGRem with SourceExtractor (SExtractor), a widely used tool for cataloging astronomical
sources. The number of true positive sources using SExtractor increased by about 7% for MeerLICHT data when we used BGRem as
a preprocessing step. We also show the generalizability of BGRem by testing it with optical images from different telescopes and on
simulated γ-ray data representative of the Fermi-LAT telescope. In both cases, BGRem improves the source detection efficiency.
Conclusions: The BGRem tool improves the source detection accuracy of traditional pixel-based methods by removing complex back-
ground noise. Using zero-shot approach, BGRem generalizes well to a wide range of optical images. The successful application of
BGRem to simulated γ-ray images, alongside optical data, demonstrates its adaptability to distinct noise characteristics and observa-
tional domains. This cross-wavelength performance highlights its potential as a general-purpose background removal framework for
multiwavelength astronomical surveys.
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1. Introduction

Astronomical imaging is fundamentally challenged by the need
to maximize signal capture while minimizing noise interference.
Achieving a high signal-to-noise ratio (S/N) is crucial for en-
suring the reliability and accuracy of scientific analyses derived
from these images. However, enhancing the S/N directly on the
detector is both technically and financially difficult. Although
shot noise (Poisson noise), related to random fluctuations in the
photon counts, is the common form of noise, instrumental noises
such as readout noise and dark current noise also affect image
quality. While increasing the exposure time can increase the sig-
nal, noise also increases. Stacking images (referred to as coad-
dition) increases the S/N and depth of the images. However,
these images may be taken under different atmospheric condi-
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tions (transparency) and background levels, and may be affected
by variations in instrumental optical quality as quantified by the
point spread function( PSF) across different parts of the sky.
Methods to improve the process of addition are an active area of
research (Zackay & Ofek 2017a,b), as they play a significant role
in ongoing surveys such as the Zwicky Transient Facility (ZTF)
(Bellm et al. 2018), and in the near future, the Vera C. Rubin
Observatory’s Legacy Survey of Space and Time (LSST) (Ivezić
et al. 2019). Several traditional methods, such as bilateral filter-
ing, wavelets-based methods, nonlocal means, and block match-
ing (for a comprehensive review, see Roscani et al. 2020), are
often used as processing steps for astronomical image enhance-
ment tasks.

Over the last decade, several machine learning (ML)-based
algorithms, specifically deep neural network (DNN)-inspired
techniques, have been used for image denoising tasks (for a re-
view of modern techniques, see Tian et al. 2020). Machine learn-
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ing (ML) models are strongly dependent on the quality and char-
acteristics of their training data. Many models are trained on sim-
ulated data, where the ground truth is controlled and assumptions
about background noise are predefined. However, generalizing
these models to real data, which always includes noise, remains
a significant challenge. For astronomical images, a deep convo-
lutional autoencoder network effectively denoises radio images
and detects faint sources (Gheller & Vazza 2021). For optical
images from the Hubble Space Telescope, a U-Net-based (Ron-
neberger et al. 2015) denoising network, “Astro U-Net” (Vo-
jtekova et al. 2020) produces images with noise characteristics
similar to those obtained with twice the exposure. Recently, a
DNN-based image restoration algorithm with active learning has
been tested on large-scale sky surveys (Jia et al. 2023) and min-
imizes the impact of noise and PSFs.

Beyond image denoising, Wolf et al. (2024) show that their
convolutional autoencoder neural network increases sensitivity
for exoplanet direct imaging by up to 2.6 times compared to
conventional methods. Ehlert et al. (2022) developed a prob-
abilistic method to remove background from low-signal X-ray
and γ-ray event list data from observatories. They show that
their method, which accounts for random Poisson fluctuations,
yields more significant galaxy cluster detections than standard
background subtraction. Acciarri et al. (2021) used a UResNet
(U-net with residual-net as backbone) to denoise neutrino detec-
tions, employing segmentation to differentiate between neutrino
interaction pixels and background pixels and showing promis-
ing results on simulated data. In their search for a rare decay
in a particle detector experiment, Tung et al. (2024) successfully
integrate a convolutional neural network with the statistical tech-
nique of pulse shape discrimination. This approach enabled them
to suppress neutron background events by a factor of 5.6 · 105,
while maintaining a photon signal acceptance rate of ∼ 70%.

In this work, we present BGRem, an ML–based tool, built on
the Gaussian diffusion framework (Sohl-Dickstein et al. 2015;
Jonathan Ho 2020; Song et al. 2020), to remove background
noise from astronomical images. Diffusion models form a cat-
egory of generative models and are effective for text-to-image
generation, image inpainting, super-resolution, and other appli-
cations (for a review of diffusion models in vision, see Croitoru
et al. 2023). In BGRem, we draw on diffusion models for
denoising tasks within a supervised ML scheme with an at-
tention U-Net (Oktay et al. 2018) as the backbone. To quan-
tify and compare our results, we used the background subtrac-
tion method in Source-Extractor (SExtractor) (Bertin & Arnouts
1996) for astronomical images. The SExtractor automatically
detects sources in astronomical images, with background sub-
traction being a key preprocessing step. Our experiments show
that BGRem removes background noise for optical images from
different telescopes as well as from γ-ray simulated data, with
high accuracy and within a reasonable computation time com-
pared to SExtractor.

This study extends the end-to-end ML-based pipeline, Au-
toSourceID (ASID) (Panes et al. 2021), which enhances and
complements traditional pixel-based methods. We previously de-
veloped astrophysical source detection and localization pipelines
for optical (Stoppa et al. 2022) and gamma-ray sources (Panes
et al. 2021; Oetelaar et al. 2021), which improve pixel-based and
likelihood-based methods. The pipeline components ASID-FE
(Stoppa et al. 2023b) and ASID-C (Stoppa et al. 2023a) were de-
veloped for the characterization of detected sources using DNNs,
such as flux estimation and star-galaxy classification. We show
that BGRem can be used as a background removal step prior to
applying the source detection and localization pipeline, thus im-

proving the catalog-building task. All code used to produce the
results shown here is publicly available on GitHub1.

In Sect. 2, we describe the training data and preprocessing
methods. Section 3 discusses the model, including postprocess-
ing methods. In Sect. 4, we present the results and evaluate the
performance of BGRem on test datasets and real-world applica-
tions. Finally, Sect. 5 provides a summary of our findings and
explores future research directions.

2. Training data preparation

The training data consisted of five simulated full-field images
from the MeerLICHT telescope (Groot et al. 2024), an optical
telescope at the University of Cape Town2. We simulated three
additional images and used these as test data. For the simulation,
we used the GalSim (Rowe et al. 2015) simulation software with
the corresponding background components: (a) a spatially vary-
ing sky background, (b) detector-level effects including Gaussian
read noise and dark current, and (c) Poisson noise fluctuations
from both the sky and the dark current.

Simulations are advantageous for training BGRem since
they provide ground truth images, which are source-only im-
ages without background noise. In contrast, such ground truth is
fundamentally inaccessible from real observations; background-
reduced images can be generated using a specific model or es-
timation algorithm, but these should not be considered ground
truth for training an ML algorithm. Simulated data enable con-
trolled supervised training but may not fully capture the com-
plexity of the real observational artifacts. This limitation may
affect model generalization and data interpretation, as previously
shown for γ-ray data (Caron et al. 2023). In Sect. 4, we discuss
the application and performance of BGRem on real data.

Similar to the MeerLICHT data, the simulated images have a
shape of 10560 × 10560 pixels, which is too large and memory-
consuming as input to a DNN for processing. We therefore di-
vided them into 256 × 256 pixel sub-images, resulting in a total
of 8405 images. We used 10% of these images as test data, leav-
ing approximately 7500 images for training. To ensure the qual-
ity of the training data, we excluded images whose maximum
pixel value was below 500. This threshold, a hyperparameter of
the training process, primarily affects the training time and the
performance of the model on brighter sources. We chose this
threshold to maximize the amount of training data used while
removing the images without any bright sources.

Before an image is fed into the model, it undergoes two pre-
processing steps. First, we subtract the median pixel value. Since
most of the image consists of background noise, the median pixel
value provides an estimate of the background. This subtraction
centers the noise around zero. This approach works only if the
background is flat across the entire image, which is generally not
the case. Therefore, an alternative method divides the image into
smaller regions and applies the same procedure for each smaller
image individually. The second step is normalization, which en-
sures that the pixel values fall within a range similar to the train-
ing data. This normalization factor can be set manually or esti-
mated by BGRem. It is crucial that the input background noise
has the same spread as the training data. This allows the model
to recognize the noise in every image.

We used simulated gamma-ray (γ-ray) sky images to exam-
ine whether BGRem can be extended to wavelengths beyond the
optical regime and to different background conditions. We used

1 GitHub Link
2 https://science.uct.ac.za/meerlicht
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the procedure described in Panes et al. (2021) to generate sim-
ulated γ-ray sky maps for Fermi-Large Area Telescope (LAT)
(Atwood et al. 2009) observation in the 1 − 2 GeV range. The
simulated data are based on ten years of LAT observations and
include the source properties of two of the most common source
classes: active galactic nuclei (AGNs) and pulsars (PSRs). One
of the main challenges in analyzing the γ-ray sky to detect and
characterize these sources is the presence of interstellar emis-
sion (IEM; Acero et al. 2016; Abdollahi et al. 2020), which re-
sults from the interaction of energetic cosmic rays with the inter-
stellar medium. Specifically, regions close to the Galactic plane
(|b| < 20◦), where the IEM contribution is significant, can re-
sult in spurious source detections and can also hide faint source
populations. To test the possibility of removing this IEM with
BGRem, we used the latest Fermi-LAT background model3 (Ab-
dollahi et al. 2020) to generate γ-ray sky patches including point
sources and the IEM. We used 12000 patches of size 64×64, dis-
tributed randomly over the whole sky, to train BGRem to remove
this IEM component and to evaluated its performance using 600
patches. These images represent photon counts in an effectively
infinite-statistics scenario. For the 1-2 GeV energy bin, consider-
ing the LAT PSF, the pixel resolution is ∼ 0.2◦ (deg.). We tested
BGRem on 1-2 GeV data as a proof-of-concept study, motivated
by practical considerations. In this range, the LAT PSF is rela-
tively narrow (∼ 0.2◦) compared to lower energies, while photon
statistics remain substantially higher than at higher energy bins
(> 2 GeV), where source counts are negligible. This energy band
therefore provides a well-balanced regime that avoids the effects
of poor PSF and low statistics. To apply BGRem at a different
energy range, a thorough hyperparameter search must be per-
formed during training; however, the current framework serves
as a starting point.

3. Model description: BGRem framework

The working engine behind BGRem is inspired by diffusion
models. Standard diffusion model training starts with a clean im-
age and iteratively adds noise during the forward process through
a Markov chain until the image becomes pure Gaussian noise
with zero mean and unit variance (Sohl-Dickstein et al. 2015;
Jonathan Ho 2020). The goal of the reverse process is to learn
the incremental iterative transformation starting from Gaussian
noise to produce a coherent image in an unsupervised manner.

The BGRem framework uses astronomical images as in-
put, which consist of ground-truth images (astrophysical sources
only) with scaled noise added, and can be expressed as

xt = y + σt · x, (1)

where xt denotes the noisy image at diffusion step t, y is the clean
source-only image, σt is the noise scale, and x is the background
noise. This can be viewed as adding a portion of the background
noise (σt · x) to the clean image, where we sample a random
t (t ∈ [0, 1] ∼ Uniform (0, 1)) from a uniform distribution. This
sampled time is mapped to a pair of signal and noise scaling
factors using a cosine schedule,

θt = θstart + t · (θend − θstart), (2)

where the angle θt ∈ [θstart, θend] is an interpolation between pre-
defined bounds corresponding to the maximum (∼ 1) and mini-
mum (∼ 0) signal rates. The noise scaling term (σt) is time de-
pendent and is governed by a cosine-based diffusion schedule,
3 https://fermi.gsfc.nasa.gov/ssc/data/access/lat/
BackgroundModels.html

Fig. 1: Example of a diffusion model operation over five diffu-
sion steps. The input is preprocessed, and between step four and
output the model performs prediction and postprocessing, ex-
cluding renormalization.

which smoothly interpolates between high-signal and high-noise
regimes. Specifically, the signal (αt) and noise rates (σt) are de-
fined as

αt = cos(θt); σt = sin(θt). (3)

Although this signal rate does not directly affect the images, the
trigonometric parametrization of signal and noise rates ensures
that the total variance is constant (α2

t + σ2
t = 1) across all time

steps and ensures numerically stable training.
To inform the network about the current noise level, the

squared noise scale (σ2
t ) is passed through a sinusoidal posi-

tional embedding, following the standard approach used in dif-
fusion models. This embedding is then upsampled and concate-
nated with the input image features, allowing the attention U-
Net to condition its denoising behavior on the level of corruption
present at each timestep. The BGRem framework focuses on pre-
dicting the noise component, which can then be subtracted from
the noisy image to produce the denoised image as follows:

ŷ = xt − σt · x̂. (4)

To train the model, we used the mean absolute error as a
loss function, which compares between true and predicted noise
as shown in Eq. 5, leading to a supervised diffusion de-noising
technique,

L = Ey∼pdataEt∼Uniform(0,1)Ex∼pnoise [||x − x̂φ(xt, t)||1]. (5)

Here, x̂φ denotes the network prediction parametrized by the net-
work parameters φ. The original denoising diffusion probabilis-
tic model (DDPM; (Jonathan Ho 2020)) uses a mean-squared er-
ror (MSE) loss function; in Appendix C we discuss the potential
drawbacks of using MSE instead of MAE loss.

As the model has already learned different noise levels dur-
ing training, we applied the standard iterative denoising scheme,
starting from the observed image (y+x) to produce a clean image
(ŷ). Fig. 1 shows an example of this iterative denoising scheme.

The optical images undergo preprocessing steps before be-
ing fed into BGRem. Since the input images are large (10560 ×
10560), BGRem first divides them into 256 × 256 pixel subim-
ages. To handle edge effects, these cutouts overlap so that the
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final output images use only the central 200 × 200 pixels. This
technique improves performance near the cutout boundaries, sig-
nificantly reducing the likelihood of sharp edges at the bound-
aries.

After the final diffusion step, the image undergoes two post-
processing steps. First, all pixels with values below zero are
set to zero. Sect. 4. discusses the effect of this and a possible
workaround to build a catalog pipeline with BGRem. Second,
the image is denormalized using the same factor applied during
the preprocessing step.

During training, the model starts with the simulated ground-
truth image (y) and iteratively adds scaled background noise
(σt x), as described in Eq. 1. The original DDPM work adds noise
(ε) through a noise-scheduling parameter (α), during the forward
process to completely destroy the original image and produce
Gaussian noise with zero mean and unit variance (xT ∼ N(0, I)):

xt =
√
ᾱt x0 +

√
1 − ᾱtε; ᾱt :=

t∏
s=1

αs; xT ∼ N(0, I). (6)

In contrast, our goal was to train a network under a supervised
scheme that can predict different levels of background noise.
Fig. 2 presents schematics of the noise addition procedures in
BGRem and in DDPM over six steps. For this, we took a ran-
dom image pair (clean source and background only) and repre-
sented the forward process in terms of the relative photon count
contributions of the signal and noise components as follows:(

source (noise) counts =
source (noise) counts

source counts + noise counts

)
.

In the standard DDPM framework, the forward process is de-
structive, and there is no use of “background”. The original
source signal is scaled down by a factor

√
ᾱt (Eq. 6) and gradu-

ally replaced by stochastic Gaussian noise until the signal is ef-
fectively destroyed at t = 1.0. In contrast, BGRem makes use of
background noise and the process is additive and supervised. The
clean source image (y) remains constant in the photon counts
throughout the schedule, while a real background image x is su-
perimposed according to the sine-based scaling factor σt (Eq. 3).
Because the source image is never scaled down (i.e., in photon
counts), the decreasing blue fraction in Fig. 2 for BGRem repre-
sents a relative shift in contribution caused by the accumulation
of background photons rather than physical destruction of the
signal. Additionally, in our case, at the start of the noise sched-
ule at t = 0, a baseline background contribution σ0 ≈ 0.2 is used
to ensure the network is consistently trained against a realistic
noise floor.

When making predictions, BGRem starts with the noisy im-
age and iteratively removes the noise. We further summarize the
training and inference steps for BGRem in Table 1. The choice
of diffusion steps used for inference is a hyperparameter, and we
discuss an optimal strategy in Appendix B.

The DNN used as the backbone for BGRem is an attention
U-Net. This combines the successful concepts of a U-Net from
Ronneberger et al. (2015) and the attention mechanism from
Vaswani et al. (2017). Oktay et al. (2018) show that the addi-
tion of attention gates improves the prediction accuracy of a U-
Net with minimal computational cost. Fig. 3 shows the archi-
tecture of the attention U-Net as implemented within BGRem.
We note that in this work BGRem was tested under diverse con-
ditions, from simulated images to real images, including zero-
shot testing on optical data from various telescopes and, later,

on gamma-ray data as a part of a multiwavelength study. Thus,
background in this work is defined operationally rather than sta-
tistically. In the supervised scheme, by providing explicit pairs
(y, σt x), BGRem (i.e., the attention U-Net) learns to map the to-
tal intensity fluctuations of the background, regardless of their
specific physical origin, as a single component to be separated
from the point-like source signal.

We developed and trained the model in Python using the
TensorFlow framework4 (Abadi et al. 2015) and its high-level
Keras5 Application Programming Interface (API) (Chollet et al.
2015). We used LeakyRelu (Andrew L. Maas 2013) as the ac-
tivation function. We trained the model for ∼ 100 epochs us-
ing the AdamW optimizer (Kingma & Ba 2014; Loshchilov &
Hutter 2017), with an initial learning rate of 10−3 and a steadily
decreasing learning rate of 0.95, where the learning rate is mul-
tiplied by a factor 0.95 at every epoch. We also used early stop-
ping, stopping training if the validation loss did not improve over
ten epochs, to prevent overfitting. Table 2 lists all the training hy-
perparameters.

4. Results

To quantify the performance of BGRem, we compared it with
the widely used background subtraction method in SExtractor
(Bertin & Arnouts 1996). The SExtractor software was devel-
oped to produce catalogs of astronomical sources using large-
scale sky surveys, with background estimation and subtraction
as the first steps in the pipeline. Several alternatives to SExtrac-
tor, such as ProFound (Robotham et al. 2018) and NoiseChisel
(Akhlaghi & Ichikawa 2015) have been developed in recent
years; however, extensive analysis (Haigh et al. 2021) shows that
the performance of SExtractor is comparable to these recent al-
ternatives, so we focus on SExtractor for analysis and compar-
ison with BGRem. The SExtractor software models the back-
ground by estimating the local background using grids of a cer-
tain size (e.g., 64 × 64) and computing a mode (defined as mode
≈ 2.5× median −1.5× mean)6, of the pixel values, similar to the
approach used in the Dominion Astrophysical Observatory Pho-
tometry (DAOPHOT) program (Stetson 1987). It then estimates
the background via bilinear interpolation over the grid of modes
in the image and subtracted it from the image.

Fig. 4 shows an example of BGRem applied to optical im-
ages with a relatively smooth background. The figure shows that
the background is almost completely removed, while the sources
remain intact. Beyond visual inspection, we next discuss our
strategy for quantifying the performance of BGRem across the
complete test set.

The distribution of pixel values in the test images, with and
without background removal, by BGRem and SExtractor high-
lights the effectiveness of BGRem over SExtractor, as shown in
Fig. 5. An image with stars and no background would have zero
values in most pixels, with a tail of positive values, since stars
occupy only a small portion of the image. The left panel of Fig.
5 shows that, for a test set, the histogram of pixel values ob-
tained with BGRem closely matches this ground truth, while the
histogram obtained with SExtractor is more spread out. Fig. 5,
shows a zoom in on low pixel values, where background removal
is most effective when comparing BGRem to SExtractor.

4 https://www.tensorflow.org/
5 https://keras.io/
6 https://sourcextractorplusplus.readthedocs.io/
en/latest/Background.html
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Fig. 2: Comparison of forward diffusion schedules in BGRem (left, this work) and the original DDPM scheme (right; Jonathan Ho
2020). BGRem demonstrates supervised additive corruption of the image with scaled background noise σt x, following the noise
scheduling of σt described in Eq. 3. The bars represent relative contribution of photon counts from the source fraction (hatched
blue) and the noise fraction (yellow) for a given time step, as obtained from a random image.

Table 1: Training and inference steps in BGRem

.

Training Inference
Sample a clean source image y Start from observed noisy image xT

Sample a noise level t ∼ U(0, 1); σ(t) = sin(θt) Set diffusion steps t = T, . . . , 1
Sample background noise x At each step condition on t

Construct noisy image xt = y + σt · x Predict noise x̂θ
Condition Attn. U-Net on noise level t Estimate clean image ŷ

Predict noise x̂θ(xt, t) Compute next state xt−1
Minimize L1 loss (Eq. 5) Repeat until t = 0

Learn denoising for all noise levels Output final denoised image

Fig. 3. Schematic of the backbone architecture
used in BGRem, adapted from the original at-
tention U-Net (Oktay et al. 2018).

Fig. 4: MeerLICHT image (left) and BGRem background-
removed image (right).

As mentioned above, as part of our postprocessing step, we
set all pixels with values below zero to zero. This clipping in-
duces a photometric bias for downstream tasks (such as source
flux estimation), since it shifts the mean background from 0
to > 0, making flux estimation, especially for fainter sources,
problematic at this stage. Fig. 6 highlights the photon-count un-
derestimation in BGRem images compared to the original im-
ages. To produce Fig. 6, we first applied BGRem to denoise
the images and the applied SExtractor to localize the sources.
Based on the source locations predicted by SExtractor, we cut a
small region (37 × 37) centered on the predicted position from
the BGRem image, given an initial patch size of 256 × 256.
To determine this size, we considered two factors: first, to in-
clude larger sources (brighter and larger), the cutoff must be
sufficiently large; second, it must be small enough to exclude
contributions from nearby sources. We then calculated the sum
of the counts within this patch as Fpred, as a proxy to measure
the flux. We defined Ftrue analogously, considering the source-
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Table 2: BGRem training hyperparameters and values.

Hyperparameter Values Other Information
Start Learning Rate 0.001 (0.0008) MeerLICHT Data (Fermi-LAT Data)

Learning Rate Decay 0.95 –
Early Stopping – Validation Loss doesn’t improve after 10 epochs

max_signal_rate 0.0 θstart = arccos (max_signal_rate)≈ 0.2
min_signal_rate 0.98 θend = arccos (min_signal_rate)≈ 1.6

Normalization Factor 0.01 Further Expanded in Appendix B
Diffusion Steps 6 Further Expanded in Appendix B

Optimizer AdamW Weight Decay = 1e − 4
Batch Size 32 (16) MeerLICHT Data (Fermi-LAT Data)

Start Epochs 100 (150) MeerLICHT Data (Fermi-LAT Data)
Total Parameters in Attention U-Net 834, 801 Trainable: 834, 609

only cutout of the same shape. This highlights that at the current
stage, BGRem cannot be used as a standalone tool to produce
photometry-ready images. We used BGRem for catalog-building
tasks in two steps. First, we used the BGRem output solely to
generate a high-precision detection mask (building upon our pre-
vious work in Stoppa et al. 2022). We then applied this mask
to the original, unclipped, background-subtracted data for final
flux integration. This ensured that the statistical symmetry of the
noise is preserved, providing better photometry and benefiting
from a larger number of source detections (see source localiza-
tion performance plots). We also note that we previously devel-
oped a more dedicated DNN-based pipeline for calculating the
flux of individual sources (Stoppa et al. 2023b); however, this
simple aperture photometry approach provides a sufficiently ac-
curate proxy for our background noise removal analysis, as the
full DNN-based approach is not the focus of this work.

Using BGRem as a preprocessing step can improve the per-
formance of other applications. The source localization of SEx-
tractor can detect more sources when BGRem is used as a pre-
processing step. This is shown on a cutout from the test data.
Figure 7 shows the maximum number of sources (true positives)
that can be found without false positives and clearly shows that,
using BGRem, eight additional sources are found in this particu-
lar example. It is also informative to examine how the model per-
forms for different values of the SExtractor threshold (thresh)
parameter, which controls the minimum significance level for
source detection. When this threshold value is low, we expect to
detect fainter sources (more true positives), but the number of
false positives will also increase, and vice versa. Fig. 8 shows
that the use of BGRem as a preprocessing step produces more
true positives relative to false positives across different threshold
values.

The BGRem framework also performs well on images with
more complex backgrounds and smaller sizes. Fig. 9 shows an
example of its generalizability to a different domain. This image
was taken with MegaCam on the Canada-France–Hawaii Tele-
scope7 (CFHT) in the g band (Heymans et al. 2012) and features
part of the M31 galaxy in the background, making background
removal challenging. While BGRem isolates point sources with
high precision, it simultaneously demonstrates a clear limitation:
the model interpreted the low-surface-brightness (LSB) struc-
tures of M31 as part of the background component and almost
completely suppressed them. This aggressive removal of ex-
tended structure highlights a domain gap; because we trained our
model on MeerLICHT data dominated by point sources, the at-
tention U-Net learned to categorize any faint extended emissions

7 https://www.cfht.hawaii.edu/

as “noise”. Consequently, while the model shows strong gener-
alizability in removing instrumental and sky backgrounds, it is
currently unsuitable for preserving extended galaxies or diffuse
nebular structures. This underscores that BGRem, in its current
iteration, is primarily intended to improve point-source detection
tasks. Since our model is trained for MeerLICHT data and no
fine-tuning is applied to adapt it to this new data domain, its ef-
fectiveness in preserving point sources highlights that the model
has learned generalizable features. The possibility of significant
improvement through fine-tuning or training a separate BGRem
model from scratch for this particular dataset is beyond the scope
of this paper. Future iterations that involve multiscale loss func-
tions or training sets with injected extended sources would likely
be necessary to ensure the morphological preservation of LSB
science.

To quantify the generalizability of BGRem to a dataset dif-
ferent from that on which it was trained, we used data from the
Legacy Survey (Dey et al. 2019b) obtained with the Blanco Tele-
scope DECam instrument as part of zero-shot inference testing.
We used a Flexible Image Transport System (FITS) image re-
trieved from the Legacy Surveys DR9 Sky Viewer tool8 to test
our ML algorithm. The image, partially shown in Fig. 10, is de-
rived from the Dark Energy Camera Legacy Survey (DECaLS)
portion of the DESI Legacy Imaging Surveys from Dey et al.
(2019a), with and without BGRem applied. Similarly to Fig. 8,
Fig. 11 plots true positives versus false positives. Even on a large
cutout of real data from the Legacy Survey, we can quantify the
zero-shot inference capability of BGRem and show that, across
different SExtractor threshold values, BGRem performs better
than the SExtractor background removal tool. We also note that
for both Figs. 8 and 11, we tested the results without clipping
pixel values to zero when BGRem predicts negative values. The
performance of SourceExtractor to detect sources worsens in
both cases.

Finally, we highlight the possibility of training BGRem to
denoise astronomical images at a different wavelength with noise
components distinct from those in optical images, as described
above. We focus on simulated γ-ray sky images for the Fermi-
LAT telescope.

Fig. 12 shows an example of BGRem performance from the
test set. Fig. 12 shows two randomly selected test patches of
the sky : the top panel corresponds to a region away from the
Galactic plane, while the bottom panel corresponds to a region
close to it. This shows that the source detection rate obtained
with SExtractor on the ground-truth (source-only) image closely
resembles the denoised image obtained with BGRem. We also

8 http://legacysurvey.org/viewer
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Fig. 5. Left: Histogram of pixel values for
the original simulated image (red), the ground-
truth background-free image (green), SExtrac-
tor prediction (orange), and BGRem prediction
(blue). Right: Zoom-in of the left panel (pixel
value 0-25) highlighting the close agreement
between BGRem and the simulation.

Fig. 6: Left: Ratio of predicted flux
(
Fpred

)
to true flux (Ftrue) for BGRem (blue), SExtractor (red), and the input image (yellow),

compared to the ideal line (black) as a function of the signal-to-noise ratio (S/N). Points represent individual sources: small points
indicate stars, medium points galaxies, and large points elongated galaxies. Right: Same as the left panel, but binned in S/N, with
error bars representing statistical error.

Fig. 7: Sources detected by SExtractor in the ground-truth im-
age (left), the SExtractor background-subtracted image (mid-
dle), and the BGRem background-subtracted image (right). The
red circles indicate the predicted shape and size of the detected
sources.

show in Fig. 13 that the mean pixel values of the denoised im-
ages produced by BGRem follow a diagonal relation when plot-
ted against those of the source-only images, highlighting the ef-
fectiveness of BGRem in reducing the contribution from IEM
noise. A low (high) mean pixel value in the source-only image
indicates that the corresponding test patch is dominated by faint
(bright) sources. This demonstrates the reliability of reconstruct-
ing source pixel counts with BGRem for γ-ray images.

As with optical images, this retrained model improves the
ability of SExtractor to detect sources. Fig. 14 shows this im-
provement. This model generates some artifacts that cause SEx-
tractor to find false positives at very high thresholds. However,

Fig. 8: True positives (correctly detected sources) as a function
of false positives (spurious detections). Dots represent runs of
source localization with varying SExtractor significance thresh-
olds on a random cutout in the test data.

with simulated data and using SExtractor as a detection module,
more than twice the number of correct sources can be identi-
fied by using BGRem as a preprocessing step, compared to the
default SExtractor background removal method. We also note
that, although SExtractor is not designed to remove the IEM in
the γ-ray wavelength or to detect γ-ray sources, the significantly
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(a) (b)

Fig. 9: Example of zero-shot inference withBGRem. The best
model trained and tested with MeerLICHT data is directly ap-
plied to a CFHT telescope image (a) to remove the background
noise and produce the denoised image (b). Image credit: CFHT
/ MegaCam (2022), operated by NRC Canada, CNRS France,
and the University of Hawaii. Observations from Maunakea with
care and respect.

improved performance with BGRem motivates its use as a pre-
processing step in current and future source detection pipelines
across different wavelengths.

However, we also highlight a current limitation of BGRem
in removing background noise when we include observational
(Poisson) noise in the γ-ray data. Fig. 15 shows BGRem applied
to the same patches as in Fig. 12s, but with added Poisson and
IEM noise. This shows that, except for the brightest sources in
those patches, BGRem fails to reconstruct the denoised images.
To further examine the global trend, we reproduce Fig. 16, sim-
ilar to Fig. 13, but include the effect of Poisson noise for the
same test set used previously, and highlight how the mean pixel
values of BGRem images vary relative to the original source-
only images. The results show that the overall performance of
BGRem degrades irrespective of the brightness of the image. A
general trend that can be inferred from this is that BGRem un-
derpredicts the counts for brighter images while over-predicting
the counts for fainter images. For fainter images, BGRem strug-
gles to distinguish between a faint real source and an upward
Poisson fluctuation of the background. Thus, BGRem may inter-
pret the noise spikes as signal and fail to subtract sufficient noise,
leaving behind more counts. For brighter patches, BGRem pre-
dicts noise more aggressively, leading to the subtraction of more
photon counts than optimal.

This highlights that while BGRem shows excellent promise
for background removal as a proof-of-concept, the observed
over- and underprediction of photon counts in the Poisson
regime requires further investigation. Future work will focus on

systematic hyperparameter optimization, including a more ro-
bust treatment of the image normalization factors, which are crit-
ical for the nonlinear scaling of gamma-ray counts, to ensure that
the model is optimized for the stochastic nature of Poisson noise
in addition to the structural complexities of the IEM.

5. Conclusions

In this paper, we introduce BGRem, a background noise remover
for astronomical images. This diffusion-based model with an at-
tention U-Net as a backbone effectively removes background
noise from astronomical images with negligible artifacts. We
first trained and tested BGRem on optical images from the Meer-
LICHT telescope and then applied domain transfer to demon-
strate the effectiveness of BGRem on optical images taken by
CFHT’s MegaCam and the DESI Legacy Survey on the DECam
instrument. We also show that retraining the model on a differ-
ent dataset, particularly for γ-ray simulated data for the Fermi-
LAT telescope, provides a reliable background removal tool for
astronomical images across various wavelengths. The computa-
tion does not depend on the image content, such as the num-
ber of stars or galaxies in the image. To our knowledge, this is
the first time that a diffusion-based denoising model has been
shown to effectively remove background from optical and γ-ray
images and to improve source detection with SExtractor. Our
results demonstrate that this approach serves as an effective pre-
processing step for existing methods in pipelines for construct-
ing astronomical catalogs. We also highlight the potential appli-
cation of BGRem at a different wavelength, in γ-rays, where the
background contamination differs from that of optical images.

However, BGRem has limitations that define its current sci-
entific scope. As the model is trained primarily on simulations of
point-like sources, it exhibits a morphological bias: the attention
U-Net backbone tends to interpret diffuse, extended galaxies as
part of the background component. Consequently, BGRem may
attenuate signals from extended sources, making it unsuitable at
present for tasks requiring surface photometry or for morpho-
logical analysis of such objects. The BGRem framework also
tends to underestimate the flux of faint objects, as the model
may misidentify low-level signals as a stochastic background
and remove them. Thus, the direct output of BGRem should
not be used for standalone high-precision photometry. Although
BGRem is suitable for removing IEM noise for γ-ray data, it
currently fails to model or remove Poisson noise.

Future improvements could involve fine-tuning model hyper-
parameters, exploring alternative noise schedules or embedding
strategies, and optimizing architectural components such as at-
tention modules. Additionally, improving the quality and diver-
sity of the training data — through more realistic background
simulations or domain-specific augmentation — could further
improve BGRem’s generalization capability. We will explore
these topics in future work. We also aim to apply the same tech-
nique to different training datasets to develop a model that in-
cludes astronomical images from different wavelengths, includ-
ing radio, X-ray, and infrared images. Although BGRem per-
forms robustly across different noise levels, there remains room
for further improvement.
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(a) (b) (c)

Fig. 12: Examples of BGRem for simulated gamma-ray sky patches for two sky regions. Top: Low-IEM region away from the
Galactic plane. Bottom: Region with a stronger IEM component. (a) With background. (b) Source only. (c) With BGRem. The
effectiveness of BGRem is highlighted by the equivalent performance of SExtractor on (b) and (c).

Fig. 13: Mean pixel values of BGRem-denoised image patches
versus source-only patches (blue dots), which lie close to the di-
agonal line (red). Bottom: Residual plot showing that BGRem
reconstruction works better for brighter patches (more and/or
brighter sources).

Fig. 14: Same as Figs. 8 and 11, but for results obtained with
simulated γ-ray sky images.
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(a) (b) (c)

Fig. 15: Examples of BGRem applied to simulated gamma-ray sky patches from Fig. 12, but now including Poisson noise. (a)
With background. (b) Source only. (c) With BGRem. BGRem does not fully remove Poisson noise and IEM in both high- and
low-Galactic-latitude regions, highlighting a current limitation of BGRem for γ-ray data.

Fig. 16: Same as Fig. 13, but highlighting the effect of addi-
tional Poisson noise. Overall, BGRem underpredicts the counts
for brighter patches and overpredicts for fainter patches.
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Fig. B.1: Effect of a good normalization factor (left), a too low
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Appendix B: BGRem hyper-parameters:
Normalization factor and diffusion steps

To get the best results with BGRem, here we discuss the choices
of the two hyperparameters that might affect the performance.
First, the normalization factor, which determines how well the
background gets removed. Since the noise in the training data is
likely different from the one encountered in most real images,
we have to make them match as well as possible. This is done
by tuning the normalization factor in such a way that the noise
has a standard deviation of around 1. The mean of the noise isn’t
important since this is removed in one of the preprocessing steps.
Setting the normalization factor too low will result in the model
recognizing faint stars as background and removing them, while
setting it too high will result in the model seeing the background
as sources and not removing it. This is shown in Fig. B.1.

BGRem has a built-in tool that can estimate the normaliza-
tion factor by calculating the standard deviation σ of the pixel
values. Stars heavily influence this, so it ignores the 10% bright-
est pixels. It also ignores all pixels with a value of 0 if there
are any, so it doesn’t take into account empty parts of images.
The normalization factor is then simply 1

σ
. This works best for

an image with a uniform background and might need tuning for
images with large gradients in the background.

The second parameter of BGRem is the number of diffusion
steps. This determines how many steps the diffusion model re-
moves the background. The accuracy increases with the increas-
ing number of steps, but the computation time also increases lin-
early. Figure B.2 shows the mean absolute error of the model as
a function of the number of diffusion steps. This was tested on
the validation data.

Here we see that even with only one diffusion step, the model
is very accurate. However, with more diffusion steps, the model
is less likely to introduce image artifacts, making the perfor-
mance even better. The optimal performance is at 15 diffusion
steps, while 3, 6 and 11 are local optima, making these four
choices preferable over other options.

Appendix C: Effect of training with MSE loss

While in our work to train BGRem we have used MAE loss,
in the original DDPM work, L2/MSE loss was introduced
(Jonathan Ho 2020). First, we checked from reconstructed im-
age quality inspection that MSE loss fails to properly remove the
background. This can be visually seen for reference images in
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Fig. B.2: Mean absolute error of BGRem on the validation data
as a function of the number of diffusion steps.

optical dataset trained with MAE and MSE loss (top and bottom
row of Fig. C.1 respectively). The same can be seen for the γ-ray
images as shown in Fig. C.2 and compared to the results pre-
sented before in Fig. 12. Also, we quantify by plotting the mean
pixel values of the de-noised images with BGRem against the
mean pixel values of the source-only images in Fig. C.3, which
can be compared to Fig. 13 presented before obtained with MAE
loss. While for the brighter patches, even with MSE loss BGRem
performance is similar to that of obtained with MAE loss, for the
fainter patches the performance is significantly worse, which can
be seen from the residuals.

In the original DDPM work, during the forward process the
image is completely destroyed and usually we have a Gaussian
noise with zero mean and unit variance ε ∼ (N(0, I)). Minimiz-
ing the MSE loss is a natural consequence of maximum likeli-
hood under Gaussian Noise. For astronomical images with back-
grounds (noise) we may have bright structures, localized excess,
occasional extreme flares and these can be grouped into outliers;
MAE penalizes error linearly and is less sensitive to outliers.
While MAE performs better according to our tests, for our future
work, we intend to test BGRem with Huber loss (Huber 1964)
where it can seamlessly move from MSE to MAE depending on
the small to large error values.

Fig. C.1: Example of training BGRem with MAE loss for a
random MeerLICHT image (top row) compared with MSE loss
(bottom row). Visually inspecting the final column where we ob-
tain the ‘cleaned’ image with BGRem highlights that training
with MSE loss fails to remove background properly.
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(a) (b) (c)

Fig. C.2: Examples of BGRem for the same simulated gamma-ray sky patches as in Fig. 12, but now obtained with MSE loss.
Panel (a): With background. Panel (b): Source only. Panel (c): With BGRem. It fails to properly remove the background noise and
produces artifacts, highlighting MSE loss being less effective than MAE.

Fig. C.3: Same as Fig. 13 but now with MSE loss.
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