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ABSTRACT

We present BlendHunter, a proof-of-concept deep-transfer-learning-based approach for the automated and robust identification
of blended sources in galaxy survey data. We take the VGG-16 network with pre-trained convolutional layers and train the fully
connected layers on parametric models of COSMOS images. We test the efficacy of the transfer learning by taking the weights
learned on the parametric models and using them to identify blends in more realistic Canada-France Imaging Survey (CFIS)-like
images. We compare the performance of this method to SEP (a Python implementation of SExtractor) as a function of noise levels
and the separation between sources. We find that BlendHunter outperforms SEP by ∼15% in terms of classification accuracy for
close blends (<10 pixel separation between sources) regardless of the noise level used for training. Additionally, the method provides
consistent results to SEP for distant blends (≥10 pixel separation between sources) provided the network is trained on data with noise
that has a relatively close standard deviation to that of the target images. The code and data have been made publicly available to
ensure the reproducibility of the results.

Key words. techniques: image processing – methods: numerical – methods: data analysis – gravitational lensing: weak

1. Introduction

The blending of sources, that is, the apparent overlapping of
extended objects in 2D images, has a significant impact on
measurements of the morphological and structural properties of
galaxies, in particular for ground-based surveys. Objects in close
proximity to one another can easily be mistaken for a single
source, which can lead to significant detection and/or measure-
ment biases depending on the depth of the survey.

For weak gravitational lensing analysis, it is essential to
understand how and to what degree blending impacts shear and
photometric redshift measurements (Mandelbaum 2018). This
problem becomes even more critical in the current epoch of high-
precision cosmology, where systematic effects need to be care-
fully accounted for. This is particularly important for reliable
comparisons between late-time probes, like weak lensing, and
early-time probes, such as the CMB.

Blended sources make up a significant fraction of the
observed sources in survey images: >30% for the Dark Energy
Survey (DES, Samuroff et al. 2018), >50% (up to >60% and
>70% for the Deep and UltraDeep layers, respectively) for
Hyper Suprime-Cam (HSC, Bosch et al. 2018), and >60% for
Vera C. Rubin Observatory Legacy Survey of Space and Time
(LSST, Sanchez et al. 2021). Simply removing all the blends
that have been identified would significantly reduce the sam-
ple size and could potentially lead to entangled biases in
the shear correlation function (Hartlap et al. 2011). Additional
? In the spirit of reproducible research, all code and data needed to

reproduce the results in this paper have been made publicly available on
GitHub (https://github.com/CosmoStat/BlendHunter) without
any restrictions.

biases can be introduced by unidentified blends coming from
sources below the detection threshold (Hoekstra et al. 2017;
Euclid Collaboration 2019). It is therefore necessary to develop
an appropriate procedure for dealing with blends in survey data.

The process of handling blended sources in astrophysical
images can be broadly divided into four major problems: (a)
the detection of objects in the image, (b) the classification of
those objects as either single sources or blended sources, (c)
the segmentation of pixels from blended sources (often referred
to as ‘deblending’), and (d) the rejection of those objects that
cannot be easily included in the scientific analysis. This paper
focuses on the problem of classifying objects already detected
with standard source extraction software as either blends or sin-
gle sources. Unlike the problem of segmentation, which has
been abundantly addressed in the literature (Joseph et al. 2016;
Melchior et al. 2018; Reiman & Göhre 2019), little effort has
been made to find reliable and automated methods for identi-
fying blended sources in survey data.

Traditional methods for identifying blended sources, such
as SExtractor (Bertin & Arnouts 1996), rely on fixed thresh-
olds to detect multiple peaks in the light intensity profiles of the
objects. While this approach may work for a reasonable fraction
of the sources, it lacks the flexibility needed to handle blends
with a greater discrepancy in the brightness and/or size between
the individual objects. This means that a large number of blended
sources, which may have a non-negligible impact on the scien-
tific analysis, could be missed.

Machine-learning techniques, in particular deep-learning
architectures, have been shown to be incredibly success-
ful when applied to complicated classification problems (see
e.g., Kotsiantis 2007; Lecun et al. 2015; Srinivas et al. 2016).
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However, the effectiveness of these tools can be difficult to gauge
without reliably labelled data. In real astrophysical images, it is
not known a priori if the underlying signal for a given detection
comes from a single object or indeed from the combination of
several. This necessitates the use of simulated data in order to
generate a reliable training set, where the number and diversity
of overlapping sources are perfectly known. Nevertheless, this
introduces the possibility of over-fitting the network to proper-
ties specific to the simulation, i.e., overly simplified galaxy mod-
els. This in turn can cause the network to be very sensitive to
artefacts and more complex structures seen in real observations.
Developing simulated galaxy images that contain all of the prop-
erties expected in real data is extremely challenging and time
consuming. Therefore, the application of networks well suited
to transfer learning represents an interesting approach to miti-
gate this problem.

Transfer learning, in particular deep transfer learning, is a
machine-learning approach whereby network weights obtained
by training on a given data set are applied to another distinct but
similar data set. This can help to prevent over-fitting to the train-
ing data and can significantly reduce the time required to apply
the method to new data sets. Deep transfer learning has been
used in a variety of problems in astrophysics in recent years,
including: the classification of compact star clusters (Wei et al.
2020), the separation of low-surface-brightness galaxies from
artefacts (Tanoglidis et al. 2021), the classification of planetary
nebulae (Awang Iskandar et al. 2020), and the deblending of
galaxy images (Arcelin et al. 2021).

This work introduces a proof-of-concept deep transfer learn-
ing approach, called BlendHunter (BH), for the automated
and robust identification of blended sources in single-band
galaxy survey data. This method incorporates a convolutional
neural network (CNN) trained on a large database of natural
images and a fully connected layer for classification. Simple
parametric models are used to train the fully connected layers
and the learned weights are in turn used to identify blended
sources in more realistic images.

This paper is organised as follows. The following section
introduces the properties of the training and testing data.
Section 3 presents the transfer learning approach used and how
it was trained to identify blended galaxy images. Section 4 pro-
vides results on how this approach compares to the state of the
art. Finally, conclusions are presented in Sect. 5.

2. Data

Supervised machine-learning approaches, such as that presented
in this work, require accurately labelled and representative train-
ing data. These labels often correspond to properties that cannot
be directly and/or reliably measured from observed data. Simula-
tions, on the other hand, provide a controlled environment where
these properties are known a priori.

To train our network, we opted to produce a set of simulated
single-band (i.e., monochromatic) galaxy images from a para-
metric model. This allowed us to control the fraction of blended
images in the whole sample and the separation of sources in the
blended images. The choice of single-band images was made to
restrict the learning to pixel features (i.e., no colour informa-
tion), which could potentially be of interest for the r-band of the
Canada-France Imaging Survey (CFIS)1, part of the Ultraviolet
Near-Infrared Optical Northern Survey (UNIONS), or eventu-
ally the Euclid visible band (Cropper et al. 2012). We addition-

1 https://www.cfht.hawaii.edu/Science/CFIS/

ally prepared a sample of realistic CFIS-like galaxy images to
test the efficacy of transferring the learned weights to a similar
but unseen data set. This section details how the training and
testing data sets were generated.

2.1. Blend definition

In order to label our training data, we first needed to make a clear
definition of a blend. Typically, this would be some measure of
the amount of overlap between the light profiles of the individual
sources that constitute the blend. For the purposes of this work,
we assume a simple scenario in which isolated (i.e., unblended)
sources are composed of a single galaxy centred within a postage
stamp of size 51 × 51 pixels (9.5 arcsec × 9.5 arcsec). We then
define a blend as a postage stamp (of the same size) contain-
ing two galaxies, one at the centre and a secondary source at a
random position. This definition is fairly agnostic in that we do
not require any specific overlap between the light profiles. This
choice was made in order to gauge classification accuracy as a
function of distance between the two sources.

Given the size of the postage stamps, we expect that standard
source-extraction software, such as SExtractor, will be easily
able to identify and separate sources near the borders but may
struggle as the sources get closer together. To better highlight
this specific problem, we additionally separate blends into two
categories: ‘close blends’ and ‘distant blends’. We define close
blends as postage stamps in which the two sources are separated
by less than ten pixels and distant blends as those in which they
are separated by ten or more pixels.

To avoid any spurious correlations, blended images are pro-
duced by simulating the galaxies individually and then artifi-
cially combining them. For simplicity, we only consider blends
consisting of two sources. Real images may well contain cases
involving more than two sources as well as various artefacts
that would make classification more complicated. We leave these
issues to be addressed in future work and here focus on testing
the applicability of transfer learning to our simple test case.

2.2. The COSMOS catalogue

We use the Cosmological Evolution Survey (COSMOS,
Scoville et al. 2007) catalogue as the basis from which to derive
our simplistic training data and more realistic testing data. COS-
MOS was chosen as it provides a representative sample of galax-
ies in terms of size, ellipticity, luminosity, and morphology.
COSMOS is a catalogue of Hubble Space Telescope observa-
tions of 1.64 deg2 on the sky with very accurate photometry
and morphology. This catalogue contains high-resolution images
(0.05 arcsec pixel−1) with a very small point spread function
(PSF) of 0.01 arcsec.

In particular, we use a subset of this catalogue selected and
processed for weak lensing purposes (Mandelbaum et al. 2012).
This subset of images have a negligible amount of noise and the
PSF has been deconvolved. This makes it possible to re-sample
the images on a larger pixel scale and to convolve them with a
different PSF in order to mimic observations from another instru-
ment. Finally, the galaxies have been fitted by either a Sérsic pro-
file or a bulge + disc profile for which the bulge is represented by
a De Vaucouleurs profile (de Vaucouleurs 1948) and the disc by
an exponential profile (see Mandelbaum et al. 2012, for details).

The subset of processed COSMOS data has been made
available through the Galsim software package (Rowe et al.
2015). GalSim is widely used in the astrophysics commu-
nity to simulate and manipulate galaxy images and was used
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extensively in several weak lensing challenges, such as GREAT3
(Mandelbaum et al. 2014). The package provides all the tools
necessary to work with COSMOS data.

2.3. Point spread function

The impulse response or PSF of an instrument encompasses all
of the aberrations induced by the optical system along with other
distortions arising from the atmosphere, and so on. The PSF
induces blurring in observed images, which artificially increases
the size of sources and can cause their light profiles to overlap
creating blends.

We model the optical PSF as a Moffat profile with β =
4.765 (Trujillo et al. 2001) and the PSF ellipticity is drawn
from real optical variations of the Canada-France-Hawaii Tele-
scope (CFHT) derived from real CFIS data (Guinot et al. 2021).
Atmospheric turbulence is modelled by a Kolmogorov profile
(Tatarski 2016) with random ellipticity drawn from a Gaussian
distribution with average µ = 0 and standard deviation σ = 0.01.
The final PSF is obtained by convolving the two models and has
an average size of 0.65 arcsec. Given the relatively small size of
the postage stamps, spatial variations of the PSF are neglected.
This CFIS-like PSF model is simple but sufficiently realistic for
the purposes of this work.

2.4. Parametric model training data

In order to keep our training samples as simple and generic as
possible, we use a series of parametric models derived from fits
to the COSMOS sample described in Sect. 2.2. This constitutes
a range of simulated galaxies with different sizes, shapes, and
ellipticities. The parametric models are then convolved with the
CFIS-like PSF described in Sect. 2.3. Each image corresponds
to a 51 × 51 pixel postage stamp with a convolved galaxy model
at the centre.

For half of the sample, a second galaxy model is placed at
a random position within the postage stamp to produce blends
according to the definition provided in Sect. 2.1. We pad all of
the images with zeros (7 pixels in every direction) to avoid issues
when the secondary source is close to the border of the postage
stamp. The complete sample is comprised of 80 000 noiseless,
padded postage stamps, half of which are isolated galaxies and
the other half are blends.

The final step in producing our simulated training sets is to
add random Gaussian noise. In order to test how sensitive blend
identification is to noise, we generate seven different noise stan-
dard deviations (σnoise = 5, 10, 15, 20, 25, 30, 35). We addition-
ally created ten realisations of the noise for each value of σnoise
in order to test the stability of the training. Each realisation of
each noise level is treated as an independent training set. In
other words, we train the network 70 times and obtain 70 sets
of weights.

2.5. Realistic testing data

We generate a sample of realistic CFIS-like images to test our
transfer learning approach. To do so, we take the real denoised
and deconvolved COSMOS images described in Sect. 2.2, crop
them to 51 × 51 pixel postage stamps, and convolve them with
the CFIS-like PSF described in Sect. 2.3. The flux is rescaled in
order to reproduce a 300 s exposure at the 3.6m CFHT telescope.
The images are re-sampled at the resolution of the CFIS survey
(0.187 arcsec). Similarly to the training images, blends are cre-
ated for half of the sample by adding a secondary source at a

Table 1. Summary of the data used for training and testing.

Data set Parametric training set Realistic testing set

Nisolated 40 000 40 000
Nblended 40 000 40 000
σnoise 5, 10, 15, 20, 25, 30, 35 14.5
Nσ real 10 1

random position in the postage stamp and then all the postage
stamps are zero padded in the same way. Finally, Gaussian noise
with σnoise = 14.5 was added to the images to replicate the S/N
of CFIS data.

The final sample of 80 000 realistic postage stamps is con-
siderably more complex than the parametric models described in
Sect. 2.4 and more closely approximate the conditions expected
in real images. For example, the light profiles do not necessarily
have central symmetry because of star forming regions or com-
plex morphology. Out of the 80 000 postage stamps, 4838 cor-
respond to close blends (i.e., the sources are less than ten pixels
apart) and the remaining 35 162 correspond to distant blends.
Table 1 summarises all of the data sets used for training and
testing.

Nisolated is the number of postage stamps containing iso-
lated sources, Nblended is the number of postage stamps contain-
ing blended sources, σnoise is the amount of noise added to the
postage stamps, and Nσ real is the number of realisations for each
noise level.

3. Deep transfer learning framework for blend
identification

The objective of transfer learning is to learn a set of weights from
a given training set and then to transfer these to a related but
independent problem. This is interesting from the perspective of
blend identification given that we do not have a large sample of
labelled data and training with a small sample of known blends
may significantly bias the learned weights. Additionally, the use
of pre-trained weights considerably reduces the time required to
train a network, thereby making the application of a deep learn-
ing approach to galaxy survey data more feasible.

For the purposes of this work we test the applicability of
transfer learning to the problem of blend identification in a
two-step process. In the first step, CNN weights learned from
natural images are used to extract generic features from the
galaxy images. The fully connected layers are then trained on
galaxy image features derived from simple parametric models.
The objective being to capture the general properties of blended
images and not specific features of the individual galaxies. In the
second step, the weights learned from simple parametric models
are applied to more realistic CFIS-like images to test the classi-
fication accuracy.

The architecture we choose to implement our deep transfer
problem was that of VGG-16. For simplicity we refer to our spe-
cific VGG-16 setup for the problem of blend identification as
BlendHunter.

3.1. The VGG-16 network

VGG-16 is a deep convolutional network with 16 weight lay-
ers developed by the Visual Geometry Group (VGG) at the Uni-
versity of Oxford (Simonyan & Zisserman 2014). The network
was ranked first in the ImageNet Large-Scale Visual Recognition
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Fig. 1. Visual representation of the VGG-16 network. Convolutional
layers with ReLU activation are shown in solid blue, max pooling lay-
ers are shown in brick-pattern red, fully connected layers are shown as
green bars, and the output softmax layer is shown as the last box in pink.

Challenge (ILSVRC) in 2014 (Russakovsky et al. 2015). The
main feature of this architecture was the increased depth of the
network compared to the state of the art at the time. In VGG-16,
three-channel images (RGB) are passed through five blocks of
convolutional layers, where each block is composed of increas-
ing numbers of 3×3 filters. The stride (i.e., the amount by which
the filter is shifted) is fixed to 1, while the convolutional layer
inputs are padded such that the spatial resolution is preserved
after convolution (i.e., the padding is 1 pixel for 3 × 3 filters).
The blocks are separated by max-pooling (i.e., down-sampling)
layers. Max-pooling is performed over 2 × 2 windows with a
stride of 2. The five blocks of convolutional layers are followed
by three fully connected layers. The final layer is a soft-max
layer that outputs class probabilities. The full network architec-
ture used is shown in Fig. 1.

The VGG-16 network was chosen for the work presented
here for several reasons. Firstly, the network can be implemented
with weights pre-trained on the ImageNet database (Deng et al.
2009) in order to save computation time and resources. The
diversity of this data set has allowed the network to learn a
variety of generic image features applicable to most image-
classification tasks. Finally, VGG-16 has already been applied
in a variety of astrophysical problems, including galaxy mor-
phology classification (Wu et al. 2019; Zhu et al. 2019), glitch
classification in gravitational wave data (George et al. 2018), and
coronagraph image classification (Shan et al. 2020). The VGG-
16 network was implemented in Python via the TensorFlow-
Keras neural network API (Chollet et al. 2015; Abadi et al.
2015), which includes ImageNet pre-trained weights.

3.2. Training and validation

We trained BlendHunter in two phases using the 70 sets of
80 000 simulated images described in Sect. 2.4. We divided each
data set in the following way: 36 000 images were used for train-
ing, 36 000 for validation, and the remaining 8000 for testing.

3.2.1. Convolutional layers

In the first phase, the we simply initialise the convolutional lay-
ers (i.e., the first 13 weight layers) with the pre-trained ImageNet
weights. As mentioned in the previous section, the purpose of
using pre-trained weights is to save processing time. Therefore,

this part of the network is not trained with our data and can be
seen as a simple feature extractor.

As ImageNet weights are used, the VGG-16 network expects
RGB images as inputs. Therefore, we rescaled the simulated
images to the range i ∈ Z : 0 ≤ i ≤ 255 and the monochro-
matic pixel values were repeated across the three RGB channels.
The final images are saved as portable network graphics (PNG)
files which are fed into the network.

Given the relatively small amount of training data, we addi-
tionally implemented data augmentation in order to obtain more
diversified features from the convolutional layers of the network.
Augmenting our simulated images simply means creating addi-
tional images with minor changes such as flips, translations, or
rotations. Specifically, we used the Keras image pre-processing
modules to include a shear range and zoom range of 0.2, as well
as horizontal flipping. We note that data augmentation was not
used on the test images.

Figure 2 shows some examples of features extracted from
one of the simulated images with the convolutional layers. The
earlier convolutional blocks provide more general features while
the later blocks provide more specific features.

3.2.2. Fully connected layers

In the second phase, we train the fully connected layers (i.e., the
last three weight layers) on top of the previously stored features.
These layers consist of a layer with linear transformation, fol-
lowed by a layer with dropout and finally a layer with rectified
linear unit (ReLu) activation. We chose this non-linear activa-
tion function, widely used with deep neural networks, because it
allows for faster convergence. We used dropout alongside data
augmentation to avoid over-fitting (Srivastava et al. 2014). This
is a way of cancelling some activations to prevent the network
from learning random correlations in the images. We employed a
dropout rate of 0.1 for our experiments. For the training, we pro-
ceeded with batches of 250 images at a time over 500 epochs. An
epoch corresponds to passing the entire training sample through
the network and a batch size of 250 proved to be the most com-
putationally efficient for the gradient descent.

We use the binary cross entropy loss function in Eq. (1) :

BCE = −
1
N

N∑
i=1

yi · log(p(yi)) + (1 − yi) · log(1 − p(yi)), (1)

where yi is the true label (1 for blended, 0 otherwise) for the
ith image and p(yi) is the probability returned by the network of
the image being blended or not. We selected this loss function to
optimise as it is typically used in this type of binary classification
problem.

The Adam algorithm (Kingma & Ba 2014) was used to
minimise our loss function. In contrast to a classic stochas-
tic gradient descent (SGD) algorithm, it computes individual
learning rates for each weight and is relatively efficient in the
optimisation of deep neural networks. In order to adapt the
learning rate, Adam requires the estimations of the first (the
mean) and second (the uncentred variance) moments of the gra-
dient using exponentially moving averages (Eqs. (2) and (3),
respectively), with gt the objective function gradient at time-
step t, and β1 and β2 the exponential decay rates for the moment
estimates:

mt = β1 · mt−1 + (1 − β1) · gt (2)

vt = β2 · vt−1 + (1 − β2) · g2
t (3)
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Image (65x65) Block 1 (224x224) Block 2 (112x112) Block 3 (56x56) Block 4 (28x28) Block 5 (14x14)

Fig. 2. Examples of features extracted from the VGG-16 convolutional layers pre-trained with ImageNet weights. Leftmost panel: input postage
stamp containing blended sources. The following panels show example features extracted from various convolution blocks.

Adam takes advantage of both RMSprop (Tieleman & Hinton
2012) and AdaGrad (Duchi et al. 2011) methods. In addition to
being robust and less time-consuming, it can therefore be applied
to a wider selection of optimisation problems. It also requires
almost no tuning of its parameters. We set β1 and β2 to their
default values, respectively 0.9 and 0.999. Finally, the weights
are updated according to Eq. (4), where wt are the fully con-
nected network weights at time-step t, η is the step size, m̂t
and v̂t are the bias-corrected estimators of the first and second
moments, and ε is a value set to 10−8 to prevent division by 0.

wt = wt−1 − η ·
m̂t
√
v̂t + ε

. (4)

At the end of each epoch, both training and validation losses
were computed, and the weights were updated every time the
validation loss decreased. Training was stopped when the vali-
dation loss had not decreased after ten epochs. The network con-
verged after around 70 epochs on average.

We began training with a learning rate of 1×10−3. As choos-
ing the right learning rate can be challenging, we decided to
reduce the learning rate by a factor of 0.5 every time the val-
idation loss did not decrease after five epochs. A small learn-
ing rate would make it possible to avoid big jumps in gradient
descent. Otherwise, in this case, it could fail to converge and set-
tle around a local minimum. No weight decay was implemented
in this phase.

Tuning deep neural network hyperparameters with a consid-
erable amount of parameters to learn can prove to be very time-
consuming. This is why we focused on the hyperparameters that
would have the most impact on the results. Several tests were
made such as changes to the regularisation, weight initialisation,
dropout rate, learning rate, and optimiser. However, no signif-
icant improvement in accuracy was observed. Switching to the
SGD optimiser or increasing the dropout rate led to worse per-
formance overall.

The network takes approximately 630 s to train on a sample
of 80 000 images using a standard Intel(R) Core(TM) i7-6900K
CPU (3.20 GHz, 32GB).

4. Results

4.1. SExtractor benchmark

We compared the performance of BlendHunter with
SExtractor, as the latter is the most widely used tool in
the community for identifying and handling blended sources in
astronomical images. The objective was to test the reliability of
our approach compared to the state of the art. Specifically, we
made use of the SExtractor Python wrapper SEP (Barbary
2016) for our tests. We note that SEP does many things beyond

Table 2. SEP parameter settings.

Parameter Value

THRESH_TYPE RELATIVE
DETECT_THRESH 1.5
DETECT_MINAREA 5
FILTER Y
FILTER_NAME kernel_3x3.conv (default)
DEBLEND_NTHRESH 32
DEBLEND_MINCONT 0.005

blend identification and many of these steps cannot easily be iso-
lated; however we tried to make the comparison as fair and con-
sistent as possible.

SEP implements a multi-thresholding technique to decom-
pose detected sources into subsources (when possible). This
method takes two input parameters: the number of bins to
decompose the light profile and the minimum contrast value
between the main peak and a given subpeak. The contrast
is evaluated based on the flux of each peak (see Fig. 2 in
Bertin & Arnouts 1996). The set of parameters we used for SEP
is shown in Table 2 (all the other parameters are kept to their
default values). The value of 0.005 for DEBLEND_MINCONT (the
minimum contrast parameter for deblending) may be considered
a little high compared to that commonly used in the literature,
but here we chose to favour reliable identification over increas-
ing the number of blends found at the cost of also increasing the
number of spurious detections.

Given our loose definition of blended sources (see Sect. 2.1),
we chose not to rely exclusively on the deblending flags provided
by SEP. Instead, we also check that the sources are found at the
right positions (within a two pixel radius) to make sure we do not
extract noise features. Additionally, as some of the sources in the
postage stamp do not technically overlap, when SEP correctly
identifies the number of sources (i.e., 1 or 2) we take this as a
correctly labelled postage stamp.

The process for labelling postage stamps as either isolated or
blended sources using SEP can be summarised as follows:
If a single source is detected:

– If the source is flagged as a blend and is at the expected posi-
tion, the image is labelled as a blend.

– Otherwise, the image is labelled as an isolated source.
If two sources are detected:

– If both sources are detected at the right positions, the image
is labelled as a blend (this stands even if one of the two
sources is itself detected as a blend).

– If the sources are incorrectly identified, the image is labelled
as an isolated source.
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Fig. 3. Classification accuracy of BlendHunter (black solid line) vs. SEP (blue dashed line) as a function of separation between sources. Results
are from the blended samples of the COSMOS parametric model testing sets. Each panel shows one realisation of a given noise standard deviation,
σnoise. The blue shaded area shows the gain in accuracy of BlendHunter with respect to SEP.

If more than two sources are detected:
– If at least the right number of sources are detected at their

expected positions, the image is labelled as a blend.
– If the number of detected sources is larger than the number

of true sources, the image is flagged as a SEP failure and is
not included in the analysis. We note that this occurred for
less than 1% of the images.

4.2. Results from parametric models

In the following, we define classification accuracy as the per-
centage of postage stamps correctly labelled as either isolated or
blended sources. Here we take the weights obtained via the train-

ing procedure described in Sect. 3.2 and apply them to the test
sample of 8000 parametric model postage stamps (see Sect. 2.4)
to obtain classification labels.

Figure 3 shows the classification accuracy of Blend
Hunter (black solid line) versus SEP (blue dashed line) as a
function of separation between sources. Results are from the
blended samples of the COSMOS parametric model testing sets
(i.e., sets of 4000 postage stamps). Each panel shows one realisa-
tion of a given noise standard deviation, σnoise. The blue shaded
area shows the gain in accuracy of BlendHunter with respect
to SEP. For close blends (i.e., where the two sources are less
than ten pixels apart), BlendHunter significantly outperforms
SEP, showing gains as high as ∼80% in classification accuracy.

A98, page 6 of 9



S. Farrens et al.: Deep transfer learning for blended source identification in galaxy survey data

5 10 15 20 25 30 35
Noise Standard Deviation ( noise)

75

80

85

90

95

100

Ac
cu

ra
cy

 %

BlendHunter
SEP

Fig. 4. Overall classification accuracy of BlendHunter (black solid
line) versus SEP (blue dashed line) with respect to σnoise on the COS-
MOS parametric model testing set. The points are taken from the aver-
age accuracy from ten realisations of each noise level and the error bars
from the standard deviation.

For distant blends, the two techniques appear to be consistent
to within a few percent and correctly label the majority of the
postage stamps.

In Fig. 4 we display the overall accuracy as a function of the
standard deviation of the noise for BlendHunter and SEP on
the full parametric model testing set (i.e., sets of 8000 postage
stamps). The points are taken from the average classification
accuracy from the ten noise realisations and the error bars from
the standard deviation. As expected, both approaches perform
almost perfectly for low noise levels and their performance drops
off as the noise increases. Overall, the two approaches appear
fairly consistent, however BlendHunter drops off less rapidly
for higher noise levels indicating it may be slightly more robust
in higher noise regimes.

4.3. Results from realistic CFIS-like images

Here we test the weights obtained from the parametric mod-
els with various noise levels and apply them to the test sample
of 80 000 realistic CFIS-like postage stamps (see Sect. 2.5) to
obtain classification labels.

Figure 5 shows the relative classification accuracy as func-
tion of the standard deviation of the training noise (i.e., the
noise level of the sample used for training) for BlendHunter
with respect to SEP on the realistic CFIS-like postage stamps.
Points show the average relative classification accuracy corre-
sponding to the ten noise realisations for each training noise
level and the error bars are the standard deviation. SEP is sim-
ply run once on the full data set. For the whole set of images
(i.e., all 80 000 postage stamps), we can see that BlendHunter
is able to slightly outperform SEP (only by a few percent)
around σnoise = 14.5, which is the true noise standard devia-
tion of the CFIS-like sample. The classification accuracy then
degrades if the network is trained on noise levels that differ sig-
nificantly. In the subset of close blends (4838 postage stamps),
BlendHunter significantly outperforms SEP regardless of the
training conditions. This is consistent with the results from
the parametric model data. Finally, for distant blends (35 162
postage stamps), BlendHunter matches the performance of
SEP when trained on the same noise level as the target images
and under-performs by a maximum of 5% when trained on a
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Fig. 5. Relative classification accuracy for BlendHunter with respect
to SEP on the realistic CFIS-like postage stamps, with σnoise = 14.5.
The points are taken from the average relative classification accuracy
from the ten training noise realisations and the error bars from the stan-
dard deviation. For close blends (red dot-dashed line), BlendHunter
outperforms SEP for any level of noise in the training data.

noise level that differs. The overall accuracy of SEP in each case
is: 91% over the whole data set, 69% for close blends, and 94%
for distant blends.

These results indicate that BlendHunter is not overly sen-
sitive to the training without perfect knowledge of the noise in
the target sample. This is a strong indication that the transfer
learning has been successful and is promising for the prospect of
applying this approach to real survey data. Additionally, the per-
formance of BlendHunter is noticeably more robust for close
blends, where galaxy profiles significantly overlap. It should
be stressed that these results are based on the relatively simple
blend definition provided in Sect. 2.1, which does not take into
account all of the complexities that could be encountered for real
extended sources.

We additionally examined the confusion matrices for the pre-
dictions from the realistic CFIS-like test set. Figure 6 shows
the fraction of blends correctly classified as blends (i.e., true
positives) or isolated sources correctly classified as isolated
sources (i.e., true negatives) as a function of the training noise
standard deviation. The first panel shows the performance of
BlendHunter compared to SEP for the sample of close blends
(green lines) along with an equivalent number (4838) of isolated
sources (red lines). The second panel shows the equivalent plot
for distant blends with the remaining sample of isolated sources.
The third panel shows the results for all 80 000 postage stamps.

The results show that BlendHunter is significantly better
at identifying true blends than SEP regardless of the noise level
used for training. This is particularly noticeable for the sample
of close blends. However, BlendHunter also produces more
incorrect labels for isolated sources and this worsens as the train-
ing noise level increases beyond that of the target sample.

5. Conclusions

We present a proof-of-concept deep transfer learning approach
for the automated and robust identification of blended sources
in galaxy survey data called BlendHunter. This technique
uses convolution layers pre-trained on natural images from Ima-
geNet, thus significantly reducing the time required for train-
ing. The fully connected layers are then trained on simple
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Fig. 6. Classification confusion matrices of BlendHunter (solid lines) compared to SEP (dot-dashed lines) for the realistic CFIS-like test data.
Each panel shows the fraction of blends correctly classified as blends (i.e., true positives, green lines) or isolated sources correctly classified as
isolated sources (i.e., true negatives, red lines) as a function of the training noise standard deviation. Left panel: sample of close blends along with
an equivalent number of isolated sources. Middle panel: sample of distant blends along with the remaining isolated sources. Right panel: results
for the full set of postage stamps.

parametric models derived from COSMOS data for various lev-
els and realisations of Gaussian random noise.

Comparison with the community standard SEP (a Python
implementation of SExtractor) on 70 sets of 8000 parametric
models demonstrates that BlendHunter is significantly more
sensitive to blends when the images are very noisy or when
galaxy pairs are very close (<10 pixels). In the low-noise dis-
tant blend regime, the performance of BlendHunter appears
to be consistent with that of SEP.

We additionally produced a sample of 80 000 more realis-
tic CFIS-like images derived from real COSMOS data. Results
demonstrate that the BlendHunter weights, learned on the
parametric models, can successfully be transferred to this more
complex data set and achieve >90% classification accuracy, out-
performing SEP by a few percent on the full sample when
the appropriate weights are used. The results also indicate that
BlendHunter is capable of achieving results that are roughly
consistent with those of SEP even when weights are used that
have been trained with a significantly different noise standard
deviation.

BlendHunter notably outperforms SEP by 5−15% for
blends in which the galaxies are separated by less than ten pixels.
This is an interesting result as these are precisely the cases that
generate biases in galaxy shape measurements (MacCrann et al.
2022).

Overall the results are promising and indicate that it may
be possible to adapt this approach to more accurately identify
blended sources in real survey data. The next steps in this direc-
tion would entail the generation of more realistic testing data that
contain some artefacts and images with more than two sources.
Further work is also required to reduce the number of false nega-
tives, i.e., incorrect labels for isolated sources. Finally, additional
tests should be performed to determine if and to what degree the
use of pre-trained weights in the CNN layers can help prevent
over-fitting the network to the training sets. We leave the inves-
tigation and implementation of these steps for future work.
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