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Target: Estimation of the galaxies structural componentsData
We used two sets of data. A set of 5,000 stamps of galaxies from HST/CANDELS and  
55,000 images of artificially simulated HST/CANDELS -like galaxies

Introduction
The estimation of the galaxies structural components as inferred from their photometrical brightness profiles, provides extremely useful informations for studying the galaxies morphology and their evolution over 
cosmic time. Numerous ongoing and future large area surveys like EUCLID, the Large Synoptic Survey Telescope, the Wide Field Infrared Survey Telescope, Kilo Degree Survey and Dark Energy Survey (DES), will 
decuple in a few years the volume of data that can be exploited for galaxy morphology studies. The full potential of these surveys can be unlocked only with the development of automated, fast and reliable analysis 
methods. In this paper we present DeepLeGATo, a new code for two-dimensional photometric galaxy profile modeling, based on convolutional neural networks. Our code is trained and validated on simulated HST/
CANDELS galaxies and it is able to retrieve the full set of one component galaxy analytic profiles: total magnitude, effective radius, Sérsic index, ellipticity. Our method does not require any manual tuning or human 
intervention beyond the training step, rendering it much more fast and automated than other methods commonly used for profile fitting. The flexibility and accurateness shown from our method, demonstrate that 
convolutional neural networks offers a promising way for galaxy profile modeling and they could constitute a fundamental tool in the era of big data in astronomy.

Code description: DeepLeGATo
Convolutional neural network used for regression tasks, consisting in the prediction of galaxy structural parameters given their 2D images as input. We called the code DeepLeGATo, standing for Deep Learning 
Galaxy Analysis Tool. We implemented it using Keras on top of Theano.

Tests on simulated data, comparison with state of art method 
used in astronomy: GALFIT 
Results of profile fitting for the images of 5000 simulated galaxies. Left column: results obtained using 
DeepLeGATo. Right column: results obtained using GALFIT. For each galaxy and for each parameter X 
we calculated the difference between the parameter used to simulate the galaxy and the estimation 
obtained from profile fitting codes. The results are shown in bins of magnitude (bin width = 1 mag) and 
non parametrically in the form of box plots. 
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2 Architecture used
The CNNs are constituted from one or two initial blocks 
composed of 2 convolution layers with ReLU activation 
functions, followed by max pooling layers and dropout. 
The images are processed adding gaussian noise, and 
the last units are similar to the initials, but they do not 
apply dropout. The last block is composed of three fully 
connected layer, which outputs the estimation of the 
evaluated parameter.
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Figure 3. Results of profile fitting for the images of 5000 simulated galaxies. The left column shows the results obtained using DeepLeGATo, the right column
the results obtained using GALFIT. For each galaxy and for each parameter X we calculated the di�erence between the parameter used to simulate the galaxy
(X in ) and the estimation (Xout ) obtained from profile fitting codes. The results are shown in bins of magnitude (bin width = 1 mag) and non parametrically
in the form of box plots. As usually, the boxes are delimitated by the first and third interquartile of the data, while the whisker indicate the range between ±1.5
the interquartile range (IQR). The red line in the box indicate the median of the data and the outliers are plotted as individual points.
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Domain adaptation to perform on real galaxies  
We show the R2 for the profile fitting of 1000 real CANDELS/HST galaxies, obtained using our CNN 
code. The values of R2 are plotted as function of the size of real data sample used to train and 
validate the method. The blue line represents the behavior of our CNN previously trained on simulated 
data and then domain adaptated using real galaxies, while the red line represents the behavior of our 
CNN directly trained on real data (i.e. without domain adaptation). 10 D. Tuccillo et al.
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Figure 5. We show the R2 for the profile fitting of 1000 real CANDELS/HST galaxies, obtained using our CNN code. The values of R2 are plotted as function
of the size of real data sample used to train and validate the method. In particular the blue line represents the behavior of our CNN previously trained on
simulated data and then domain adaptated using real galaxies, while the red line represents the behavior of our CNN directly trained on real data (i.e. without
domain adaptation). The points on the x-axis, i.e. the size of the training/validation sample are: 50, 100, 200,400, 600, 800, 1000, 1500, 2000, 3000, 4000. See
section 6.2

the input set-up of parameters. Deep learning and CNNs in par-
ticular, have the potential to significantly cut down on the need for
human visual inspection and make the galaxy decomposition a pow-
erful tool in the era of new and future wide-field surveys such as
LSST, Euclid and WFIRST.

As future steps, we plan to apply CNNs on more complex cases
consisting of two-component bulge-disc fitting, implementation of
a variable PSF depending on the individual sources, application of
the method in dense and noisy regions of the sky. As last, we plan
to render DeepLeGATo freely available for download with a full set
of instructions to adapt the method to di�erent surveys and galaxy
sample.
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Table 1. Coe�cient of determination of the two CNN Architectures for the parameters of the light profile fitting, for 5000 simulated galaxies excluded from
the training and validation of the methods.

R2 simulated data

Parameter Architecture 1 Architecture 2 GALFIT

Magnitude 0.961 0.996 0.981
Radius 0.899 0.972 0.967
Sérsic index 0.968 0.881 0.807
Ellipticity 0.983 0.959 0.953

Table 2. Coe�cient of determination of the light profile fitting obtained with di�erent methods for a sample of 1000 HST/CANDELs real galaxies. In the first
column the parameters were obtained with DeepLeGATo before of the domain adaptation step (see section 6.1). In column two with DeepLeGATo after of the
domain adaptation step (see section 6.2). In column tree we measure how two di�erent set-up of GALFIT extract the structural components of this sample of
galaxies (see section 6.3)

R2 Real data

Parameter Before TL After TL 2 GALFIT

Magnitude 0.813 0.984 0.987
Radius -0.431 0.813 0.860
Sérsic index -0.331 0.793 0.819
Ellipticity 0.773 0.931 0.914

main shifts. Therefore, methods of so called domain adaptation
have been developed to deal with these situations, where the task
of the machine learning remains the same between each setting, but
the input distribution is slightly di�erent.

Adopting a domain adaptation strategy, we saved our best
models trained and validated on simulated data, and we repeated
their training and validation using a small sample of real data. The
core idea of this strategy is that the same representation learned on
simulated data may be useful to adapt the learning system on the
second setting of real data. This way, we exploit what the CNNs
have learned on one setting to improve the generalization in another
one.

In section we described a sample of 5000 real galaxies included
in the van der Wel et al. (2012) catalog. We divided that sample in a
test sample A of 1000 galaxies, and a train sample B including the
remaining 4000 galaxies. We trained and validate our CNNs with
di�erent subsets (B1, B2, B3, ...) of B, having size variating between
100 and 5000. In agreement with the procedure we followed in this
work, each of the Bi samples were divided in the proportion of 4/5
for the training and 1/5 for the validation. After the training and
validation of the domain adapted CNN, we applied the result of
the new model on the A sample and we calculated the R

2 of the
prediction for each galaxy structural parameter retrieved. Through
all this step we considered the structural parameters estimations
given in the van der Wel et al. (2012) catalog as the ground truth of
our models.

In Figure 5 we show, the trend of the R

2 of the prediction on
real data as a function of the size of the real data used for the training
and validation. The blue line represents the behavior of our CNN
previously trained on simulated data, and where we then applied
domain adaptation. The red line instead represents the behavior of
CNNs directly trained on the Bi samples of real data (i.e. without
domain adaptation). This trend show that with just ⇡ 300 galaxies
we already reach an R

2 ⇡ 0.98 when we use domain adaptation.
While the CNN trained directly on real data, reach an R

2 ⇡ 0.90
only with 5000 galaxies.

6.3 Comparison with GALFIT

The results of the GALFIT predictions greatly depend on the initial
parametrization used. Di�erent parametrization may easily lead to
di�erent results. To take this e�ect into account, in the third column
of Table 2 we compare, for our test set of real data, the predictions
of van der Wel et al. (2012) catalog (used as ground truth) with the
ones of another catalog using GALFIT (di mauro et al. in prep). As
we can see, the R

2 of our models after the domain adaptation is
very similar to the one of the results obtained for the same set of
data from these two catalogs using GALFIT.

In Figure 6 and ?? we detail the comparison between our
CNNs predictions and the two GALFIT catalogs, as a function of
the magnitude.

7 CONCLUSIONS AND PERSPECTIVES

In this work, we presented DeepLeGATo, a convolutional neural
network method designed for two-dimensional light profile of one-
component galaxies. We trained, validated and tested DeepLeGATo
on an extensive set of simulations of HST/CANDELs galaxies im-
ages and we we find it to be robust in terms of parameter recov-
erability and consistent with the results obtained with GALFIT.
Moreover, after a demain adaptation step, we apply DeepLeGATo
successfully on stamps of real galaxies in the same HST/CANDELs
field. Obtaining results consistent with the ones presented in the van
der Wel et al. (2012) catalog. Related to this test, we evidence the
importance of realistically complex simulations for training such
machine learning methods by demonstrating that the performance
of models trained on simulated data, significantly di�er from results
on real data.

Overall, in this work we prove that deep neural networks rep-
resents an exciting prospect for conducting large- scale galaxy-
decomposition, as they are capable of automated feature extraction
and do not need an hand-made user-defined parameter set-up. While
the accurateness of other methods greatly depend on the choice of
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