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Abstract

In this work, we are going to investigate the possibility of using machine learning algorithms
to detect strong gravitational lenses. This work is a follow up of a previous master thesis
on the subject [18]. In [18], a significant amount of preprocessing was performed on the
dataset, which was taken from [30]. The first steps to build a machine learning model
to detect lenses were also taken. Our first task was thus to reorganize and make more
readable the code of [18].

Two classifiers were used to build the models: random forests and extremely randomized
trees [11]. In order to compare and discriminate between models, we drew ROC curves
and compared them thanks to a method developed in [28]. We have shown that machine
learning models provide accurate and reliable lens detection. Models using principal
components offered the best results. Their advantage also lies in their interpretability.

Finally, we compared the performance of the machine learning model developed during
the course of this work to a deep learning model built in [30].
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Chapter 1

Introduction

1.1 Context and general considerations

Gravitational lensing is the ability of an object to distort the light coming from a distant
source. Gravitational lensing can be strong or weak. Strong lensing produces distinct
images while weak lensing does not. In the case of strong lensing, the source is then
observed in double or more in the sky. Such situation is illustrated in figure 1.1. Strong
lensing is used for example to study the distribution of dark matter in galaxies, determine
the structure of galaxy clusters and measure the Hubble constant. Weak lensing on
the other hand can help measure the correlation function of density fluctuations. More
applications of gravitational lensing can be found in [39]. Strong lensing is the subject of
this master thesis. The source and the lens can be any type of astronomical objects. Here,
we will focus on the case where both the source and the lens are galaxies. As lensing is a
rare phenomenon, specific procedures must be implemented in order to detect lenses in
the sky.
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Figure 1.1: Sample of lensed sources. These include quasars, galaxies and supernovae.
This image is taken from [20]

Much time has passed since the discovery of the first lensed quasar, Q0957+561, in
1979 by Walsh, Carswell, and Weymann [37]. Indeed, the era of fortuitous discoveries
of gravitational lenses is long gone. Nowadays systematic procedures to detect them in
increasingly large datasets are transforming the field of lens detection. Among these
procedures, we can find artifical neural networks (referred to as neural networks hereafter).
In 2021, Savary et al. applied a convolutional neural network ("CNN" [19]) to the detection
of strong gravitational lenses. Their results and methodology are reported in [30].

Neural networks are now ubiquitous in the field of lens detection as they are able to
produce accurate results. They however suffer from a lack of interpretability and long
training times. The aim of this master thesis is to investigate the possibility to use simpler,
more interpretable machine learning algorithms in order to detect new strong lenses. A
first master thesis [18] was already written on the subject. The present work is therefore
a follow up to this first master thesis.

The remaining of the present document is structured as follows. We will first give a
historical introduction to the detection of gravitational lenses as well as briefly review
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the methods to detect them. Then, in chapter 2, we shall introduce the physics behind
the phenomenon of strong gravitational lensing. Afterwards, in chapters 3, 4 and 5, we
will present the data and the model developed during the course of our investigation and
present its results. In chapter 6, we will introduce the model created in [30] and compare
its results with the results of our model. Finally, in chapter 7, we will conclude this work.

1.2 Historical introduction and overview of detection
methods

This section is a brief review of the history of detection of strong lenses. Most of the
information given in this section was based on [20] and partly on [38]. Technically, the first
observed gravitational lens is the Sun. Indeed, the prediction made by Albert Einstein
in 1916 of the deflection of light rays by the Sun and its observation in 1919 by Arthur
Eddington was one of the most striking experimental confirmation of general relativity.
The Sun is however not a strong lens. Chwolson in 1924 was the first to raise the possibility
of multiple images of a lensed source. Einstein himself, in 1936, made further calculations
on the subject but concluded that the effect would not be observable as he considered
only a star-star system. Zwicky then realized in 1937 that more massive objects such as
galaxy clusters would be more appropriate to detect the strong lensing effect.

As already mentioned, the first detected strongly lensed source was a quasar in
1979. Gravitational lenses were first randomly found during the investigation of other
phenomena. The very first lenses were exclusively quasars. Most notably, the Einstein
cross, or Q2237+0305, was discovered in 1985 by Huchra et al. [13] . One of the brightest
lensed quasars, APM08279+5255, was also found serendipitously. Among these fortuitous
discoveries was the lensed quasar with the lowest source redshift, RXJ1131-1231, by Sluse
et al. in 2003 [33]. Lensed galaxies were also found in the early days of lens detection
such as the galaxies deflected by the galaxy cluster Abell 370. Although automated search
algorithms become more prominent, many strong lenses are still found serendipitously.

Gradually, more structured methods began to emerge in order to find new strong
gravitational lenses. Among them is the magnification selection of images. Indeed, for
strong lenses the magnification theorem holds (see [31] for details): at least one of the
duplicated images is as bright as the original source. To discover new lenses it would
therefore be reasonable to look among the brightest objects in the sky or to concentrate on
objects that have unphysical brightness as these can be the consequences of magnification.
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A non-exhaustive list of lenses discovered thanks to this method can be found in [20].

Another way to look for new lenses is to find clearly spatially separated objects, that
can be visually distinguished, as these could potentially be the results of the lensing effect.
This is called visual inspection. Interestingly, citizen science played an important role
in that kind of endeavor. Citizen science is the term that designates the projects where
amateur scientists analyze entire catalogues of images looking for lenses. The first project
of this kind, Galaxy Zoo [21], was started not to detect lenses but to study the morphology
of galaxies. More followed such as The Zooniverse [32] and Planet Hunters [9]. Note that
these projects are not limited to astronomy. The first citizen science project that was
designed to detect strong lenses is Space Warps [24]. Visual inspection is well-suited for
repetitive tasks where pattern recognition is important and where computers can not yet
achieve acceptable performances. However, for magnified images where the separation is
of the order of the point spread function of the instrument or lower, spatial separation is
not so clear and a detailed pixel by pixel analysis of the catalogue must be carried out. A
machine learning or deep learning algorithm is appropriate to perform this task

Machine learning has been applied to find gravitational lenses only in recent times.
The first conclusive efforts to apply machine learning and deep learning to the systematic
search of lenses date back only to late 2017. The advent of large sky surveys and the
increase of available computational power made the use of machine learning possible. The
most successful deep learning algorithm used to search for new lenses is the supervised
convolutional neural network. These were imagined by Yann LeCun [19] and found
applications in various fields such as image recognition, colorization of black and white
images, medicine and of course physics. They overall lead to excellent results and a
detailed account of their performance to detect strong gravitational lenses can be found
in [20].

One other possible approach is to use ensemble machine learning algorithms such as
decision trees, random forests and extremely randomized trees. The main advantages of
these methods are their higher interpretability and lower computing time compared to
CNNs. For now, these ensemble methods were mainly applied to the search of lensed
quasars, most notably by Khramtsov et al. [15] and Delchambre et al. [8]. It is this
approach that we will follow in the present work.
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Chapter 2

Description of the lensing
phenomenon

2.1 Lensing of point-like masses

We will now describe the physics of gravitational lensing. The account of the lensing
phenomenon given in this chapter follows closely the one given in [39]. Moreover, all the
points not discussed in details here can be found in [39].

We are first going to consider a system where both the lens and the source are point-like
masses. We work in a coordinate system centered on Earth. Let α be the true angle
between the source and the Earth and β be the angle between the image of the source
and Earth. These two angles are different because the light rays are bent by the lens. The
situation is depicted in figure 2.1.
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Figure 2.1: Illustration of the different variables used to calculate the lensing effect. This
image is taken from [39]

.

We assume that the angle β is very small and that the considered objects are not too
far apart. So

tan(β) ≈ β (2.1)

This implies that
b = βdA(EL) (2.2)

where dA(EL) is the angular diameter distance between the Earth and the lens. This
distance accounts for the expansion of the Universe and is given by

dA(EL) = a(tL)rE(L) (2.3)

In this equation a(tL) is the scale factor of the Universe at time tL where the light ray
emitted by S arrives at L and rE(L) is the radial coordinate of L in the Robertson–Walker
coordinate system centered on E. From figure 2.1 we can directly deduce that

γdA(LS) = c = (β − α) dA(ES) (2.4)

The angle γ can be calculated thanks to general relativity. It is given by

γ = 4MG
b

(2.5)
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Combining equations 2.2, 2.4 and 2.5, we find

(β − α) β = γ
dA(LS)
dA(ES)

b

dA(EL) = 4MGdA(LS)
dA(ES)dA(EL) ≡ β2

E (2.6)

This last equation is called the lens equation. It admits two solutions, corresponding to
the angles of two images in the sky, denoted β±

β± = α

2 ±
√

α2

4 + β2
E (2.7)

As it is impossible to extract the value of α from the data, we are only able to get an
upper bound on the mass of the galaxy via β2

E

|β+ − β−|2 ≥ 4β2
E (2.8)

If we can measure both β+ and β−, we can obtain the value of the mass of the galaxy.
Indeed, if we multiply the two roots, we obtain

β+β− = −β2
E (2.9)

We have thus shown one possible application of gravitational lensing: estimating the
masses of galaxies. Note that in the special case where α = 0 we observe a continuous
ring, called an Einstein ring rather than two separate images. An example of such ring,
the Cosmic Horseshoe is given in figure 2.2.
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Figure 2.2: The Cosmic Horsehoe is a gravitationally lensed system of two galaxies. This
figure is taken from [20]

2.2 Description of strong lensing

We will now investigate the magnification effect characteristic of strong lensing. As we will
only work with strong lenses, we will refer to strong lenses simply as lenses from now on.
In the first place, we can calculate the apparent luminosity of the different images of the
source. We will refer to positions in the receiving area relative to some fixed point Y that
lies on a line that goes from the source to the lens and continues past Earth. The distance
from the observation point, E, to this line is denoted h. The situation is illustrated in
figure 2.3.
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Figure 2.3: Illustration of the different variables used to calculate the magnification effect.
This image is taken and corrected from [39]

The apparent luminosity perceived between polar angles θ and θ +dθ, azimuthal angles
ϕ and ϕ + dϕ and area delimited with height dh and width hdϕ is

l =
∣∣∣∣∣ L θ dθ dϕ/4π

h dh dϕ (1 + zS)2

∣∣∣∣∣ = L
4π (1 + zS)2

∣∣∣∣∣ θ dθ

h dh

∣∣∣∣∣ (2.10)

where L is the luminosity of the source and zS is the redshift of the source. We deduce
the following equality from figure 2.3

h = dA(SE)χ = dA(SE)dA(EL)α/dA(SL) (2.11)

Moreover, we obtain also by inspecting the same figure

θ = b

dA(SL) = β
dA(EL)
dA(SL) (2.12)

Taking these considerations into account, we can write equation 2.10 as

l = l0

∣∣∣∣∣βdβ

αdα

∣∣∣∣∣ (2.13)

where l0 is the apparent luminosity that would be observed if there was no lensing effect

l0 = L
4π(1 + zS)2d2

A(SE) (2.14)
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We will now look into the particular case of a point-like lens. The lens equation 2.6 then
takes the form

α = β − β2
E

β
(2.15)

From this last equation, we get
α

β

dα

dβ
= 1 − β4

E

β4 (2.16)

The perceived luminosity is hence given by

l = l0∣∣∣∣1 − β4
E

β4

∣∣∣∣ (2.17)

If the the distance from the lens to the line joining the source and the observer, noted d,
is small, then

α ≪ βE (2.18)

Thus, the two roots of the lens equation become

β± = ±βE + α

2 (2.19)

We can see by putting this result in equation 2.17 that the images are magnified by a
factor |βE/2α|. This is the expression of the magnification effect due to strong lensing.
The point-like mass approximation for the lens can be used to describe microlensing
phenomena. Microlensing is widely used to detect exoplanets and it is the only way to
detect wandering exoplanets.

Note that if α ≫ βE that is, if d is large, then

β+ = α (2.20)

and
−β− = β2

E

α
(2.21)

Since β+ ≫ βE and −β− ≪ βE, the image corresponding to β− is not observable while
the image corresponding to β+ is visible and its brightness is not affected by gravitational
lensing. Strong lensing can only occur if

α ≤ βE (2.22)

11



This means that the maximum proper distance to the lens, noted dmax, is given by

dmax = βEdA(EL) (2.23)

=

√√√√4MGdA(LS)dA(EL)
dA(ES) (2.24)

=

√√√√4MGrL(S)rE(L)a(tL)
rE(S) (2.25)

=

√√√√4MGrL(S)rE(L)a(tE)
rE(S)

1√
1 + zL

(2.26)

where tE is the time the light ray arrives on Earth and zL is the redshift of the lens. We
have the following identity

1 + zL = a(tE)
a(tL) (2.27)

In this last equation, tL is the time needed for the light ray to reach the lens from the
source. From the fact that the proper distance between the source and the lens is equal
in both the coordinate system centered on the lens and centered on the Earth we can
deduce the equality ˆ rL(S)

0

dr√
1 − Kr2

=
ˆ rE(S)

rE(L)

dr√
1 − Kr2

(2.28)

where K is the curvature of spacetime, rL(S) the coordinate of the source in the coordinate
system centered on the lens, rE(L) the coordinate of the lens in the coordinate system
centered on the Earth and rE(S) the coordinate of the source in the coordinate system
centered on the Earth. We can then obtain

rL(S) = rE(S)
√

1 − Kr2
E(L) − rE(L)

√
1 − Kr2

E(S) (2.29)

Combining all the results we got so far, the total number of strongly lensed object is
given by the integral

NS =
ˆ rE(S)

0

drE(L)a(tL)√
1 − Kr2

E(L)

ˆ +∞

0
πd2

maxn(tL, M)dM (2.30)

where n(t, M) is the number density of lenses of mass M at time t.

For sources located at small redshifts, the integral 2.30 can be solved exactly and
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does not depend sensitively on the cosmological model. However for sources at large
redshifts, it can be shown by studying the behaviour of 2.30 that the probability of
strong lensing depends sensitively on the cosmological model. Thus the probability of
strong lensing can be used to discriminate between cosmological models. To date, O(103)
galaxy-galaxy lenses were discovered [10], which gives an indication on the low occurence
of this phenomenon. Another application of strong lensing is to measure the Hubble
constant, H0. More specifically, lensed quasars and supernovae can be used to measure
H0. See [4] for more details. However, the most important application of strong lensing is
the estimation of the mass distributions of galaxies. Note that we have only discussed
the point-like approximation for the lenses. This was done for simplicity. Normally, the
galaxies must be treated as an extended distribution of mass. The full discussion about
extended lenses can be found in [39].
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Chapter 3

Origin and treatment of the data

3.1 Source of the data

Before presenting the machine learning model, we are going to present the dataset used to
train the model. As this master thesis is the follow up of [18], we used the same dataset.
The dataset was first exploited to train a CNN by Savary et al. [30].

As explained in [18] the dataset is built from images that are taken from the Canada
France Imaging Survey (CFIS in short). It was a legacy survey employing the Canada-
France-Hawaii Telescope (CFHT), located on top of Mauna Kea, Hawaii. This telescope
is multi-band and works in the optical domain, near infrared and ultraviolet and is part of
the Ultraviolet Near Infrared Optical Northern Survey (UNIONS). UNIONS uses multiple
telescopes. The characteristics of the telescope are the following

• It is a 3.6m telescope

• Its resolution is 0.187 arcsecond/pixel

• It is equipped with MegaCam, a wide-field optical imaging device constructed from
40 2048x4612 pixels CCD cells

This list is inspired by the features listed in [18]. The aim of the survey was to cover 8000
deg2 of northern sky in the u band and 4800 deg2 in the r band. The images used to train
both the CNN of Savary et al. [30] and our model are from the second Data Release of
CFIS. The total footprint of CFIS and the footprint of the second Data Release of CFIS
can be observed in figure 3.1. Similarly to what is done in [30], we will only use r band
images. The images taken from CFIS consist only in luminous red galaxies (or LRGs in
short), as their lensing cross section is the largest.
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Figure 3.1: The total footprint of the CFIS in the different photometric bands is shown in
plain traits while the specific footprint of the second data release is the colored area in
the figure. This figure is taken from [30]

As we want to train a model that can detect gravitational lenses, we need a dataset
that is divided in two parts: images that are not gravitational lenses (that will be our
negative class in our classification model) and images that are gravitational lenses (that
will be our positive class in our classification model).

The non lensed images are randomly selected from luminous red galaxies taken from
the CFIS. The lensed images are built thanks to a simulation that use a galaxy from the
Hubble Space Telescope (HST) as a background source (more precisely from HST/ACS
F814W images). A LRG from the CFIS is randomly selected to be the deflector of a
background galaxy from the HST images. As a result, we get a lensed source from the
HST and a deflector LRG on in the same image. As already mentioned, this dataset was
first constructed by Savary et al. and more details on its construction can be found in
[30]. Examples of lensed and non-lensed galaxies are shown in figure 3.2 and 3.3.
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Figure 3.2: Examples of simulated lenses where the source comes from an image taken by
the HST and the deflector is a LRG from the CFIS dataset. This figure is taken from [18]

17



Figure 3.3: Examples of LRGs from the CFIS dataset. This figure is taken from [18]

3.2 Preprocessing of the data

Once we have our dataset, a significant amount of preprocessing must still be carried out.
This was one of the main task of the master thesis done previously by Clément Laisney
[18]. Therefore, we only summarize the main steps of data preprocesssing and refer the
reader to [18] for further details. The account given here follows of course closely the one
given in [18].

First, a sanity check was performed on the dataset. More specifically, the correctness
of the root mean square error (RMS) files provided with the non lensed data was checked.
Since the photons coming from distant galaxies are collected thanks to a photodiode, the
intensity expressed in analog to digital units, noted IADU, can be expressed as

IADU = Ie− × g (3.1)
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where Ie− is the intensity of the electron flux and g is the gain of the photodiode. Since
the electrons collected follow a Poisson distribution with variance σ2

e , we have

Ie− = σ2
e (3.2)

Thus, we obtain
σ2

e = IADU

g
(3.3)

The total RMS of the image must therefore be the RMS associated to the object itself
plus the RMS of the sky background

RMS2 = σ2
sky + σ2

e = IADU

g
+ σ2

sky (3.4)

Hence, we must have a linear relationship between the RMS2 of the pixel and the intensity
in ADU. This is the case in our dataset and an illustration of this relationship for several
non lensed LRGs is provided in figure 3.4. As RMS files were not provided with the lensed
data (i.e. the original image with the lensed source), a RMS was computed in [18]. These
RMS files were needed in order to develop a procedure to remove the contaminant sources
and the sky background.
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Figure 3.4: RMS2 as a function of the intensity in ADU for nine different non lensed LRG
images. This figure is taken from [18]

Finally, possible contaminant sources and the sky background had still to be removed,
both from lensed and non lensed data. A procedure using Python functions from the
photutils package [5] was designed in [18] and applied to the whole dataset.
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Chapter 4

Theoretical framework of the
machine learning model

4.1 General considerations

Determining whether a given galaxy is a lens or not is a binary classification problem.
We would indeed like to assign to a particular instance a label that can take two possible
values (lensed or not). We will do so thanks to a set of measurements X, which are also
called features. In order to decide which label to assign to an instance, we will reduce
this vector X to a single scalar score with the help of a function S(X). The function S is
called a classifier. In this work, we will use two different classifiers, random forests and
extremely randomized trees, to be explained in the next section.

First, we will describe how the dataset is organized. The dataset is split in two
parts: the train set and the test set. The model S(X) is trained on the train set, as the
name suggests. In the training phase, the free parameters of the model are adjusted by
minimizing a loss function. The accuracy and reliability of the model is then measured on
the test set. The test set must consist in data on which the model was not trained.

The score is generally comprised between 0 and 1 and is interpreted as the probability
of a given instance to belong to the positive class. It is however only an interpretation
and it is important to keep in mind that it is not a true probability. This score will be
denoted as o in what follows. We will decide that a particular instance belongs to the
positive class if its score is greater than a threshold value t. It goes without saying that
the classification is never perfect and in order to analyze the performance of a given model
we introduce the following quantities
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• the marginal probability that the instance s belongs to the positive class; p(p)

• the marginal probability that the instance s belongs to the negative class; p(n)

• the probability that the instance s will be classified as positive while it is negative
in reality; p(o > t|n). It is the false positive rate, written fp.

• the probability that the instance s will be classified as negative while it is positive
in reality; p(o ≤ t|p). It is the false negative rate, written fn.

• the true positive rate, noted tp, is the probability of correct classification for a
positive object s; p(o > t|p)

• the true negative rate, noted tn, is the probability of correct classification for a
negative object s; p(o ≤ t|n)

The vocabulary and notations of this section are borrowed from [17].

4.2 Description of the algorithms

As already mentioned, we will use two types of classifiers in this work: random forests
and extremely randomized trees (or ERT in short). We are now going to explain them
very briefly.

Both algorithms are built upon a simpler algorithm: decision trees. The construction
of a decision tree involves two stages

• first, we split the feature spaces into M distinct and non-overlapping regions. The
optimal split can be found by minimizing a loss function.

• if an instance s fits in region Ri, then the most common class of this region is
assigned to s.

• we repeat this procedure for the subregions that we just obtained

The optimal boundaries of the regions can be determined thanks to a least square error
minimization procedure. A very simple hypothetical classification tree to search for lenses
is given in figure 4.1. Decision trees present a number of advantages, most notably they
are readily interpreted. However, in most applications they clearly lack accuracy and the
resulting variance of a decision tree is generally high. We therefore have to use other
ensemble learning methods such as random forests and ERT.
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We will begin by discussing random forests. They are based on bootstrapped aggre-
gation, or bagging in short. We begin by building a large number of decision trees on
bootstrapped data samples (i.e. samples drawn with replacement). In a random forest,
only a subset of the entire possible features is used in order to create a new branch in the
tree. This is done to decorrelate the resulting trees. This deccorelation will of course be
partial. When all the trees are built, the score assigned to an object s will be the mean of
the scores predicted by the different trees. The explanation of decision trees and random
forests given here is based upon the one given in [14] and more details can be found there.

Figure 4.1: Toy decision tree to determine whether a galaxy is lensed or not. Two features
(asymmetry and Gini index) are used to build this model.
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Extremely randomized trees were first introduced by Geurts et al. in [11]. The
rationale behind ERT is the same as the one behind random forests: reduce the variance
of classical decision trees. In order to achieve this goal, randomization is implemented
while constructing the tree. More specifically, cut points for new leaves are determined
randomly at first for a definite number K of attributes. The conserved split out of the K

drawn will be the one to maximize the score of its attribute. A large number of these
randomized trees is built and the score of a particular instance will be again the mean
of the scores given by the different trees. For random forests the random element of the
algorithm is brought thanks to the bootstrap, while for ERT the trees are constructed on
the non-bootstrapped dataset. Compared to random forests, extremely randomized trees
offer, in general, similar performance but take less time to train [11]. This reduction of
training time is given by a constant factor [11].

We can also use principal components instead of the attributes. Principal components
are linear combinations of the original parameters. The coefficients of the linear combi-
nations are chosen such that the principal components are linearly uncorrelated. The
resulting vectors in parameter space are orthogonal and point in the direction of maximal
variance not spanned by the other principal components. They are labeled such that
the first principal component explains the most variance, the second, the second most
variance and so on. The first principal components is noted Z1, the second Z2 and so
forth. This is a major improvement over original parameters as these can potentially be
correlated or introduce noise. More details on principal components can be found in [14].

4.3 Theory of ROC curves

We will now present the theory behind the concept of ROC curves. The acronym ROC
stands for receiver operating characteristic. The origin of ROC curves dates back to
World War II, in 1941 more precisely [17]. They were used to help detect enemy objects.
Afterwards, they were soon used in the civilian world, most notably in medical science
[17]. In modern times, they are increasingly used in machine learning and deep learning
in order to assess the performance of different models. It is in this context that we will
introduce the theory of ROC curves.

First, let us define a ROC curve. According to [17] a ROC curve is " a graph showing
true positive rate on the vertical axis and false positive rate on the horizontal axis, as the
classification threshold t varies". We thus have one ROC curve per model S(X). We can
deduce general features from this definition.
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The worst classifier that we can think of would be a completely random classifier. It
would allocate an individual to negative or positive populations with the same probability,
such that p(s|n) = p(s|p) = p(s). In such classifier we will therefore have tp = fp. The
resulting ROC curve is thus a diagonal line joining the points (0,0) and (1,1). This line is
called the chance diagonal.

Now suppose that we have a perfect classifier. For this classifier there will therefore
be at least one value of t where we have tp = 1 and fp = 0. By definition of the true
positive rate tp = p(o > t|p), for smaller values of t we will still have tp = 1 while the
false positive rate will vary between 0 and 1. Conversely, for larger values of t, the false
positive rate fp will be 0 (by definition of fp, fp = p(o > t|n)) whereas the true positive
rate will vary from 1 to 0. The ROC curve of this perfect classifier will thus be a straight
line that goes from (0,0) to (0,1) succeeded by a line ranging from (0,1) to (1,1). ROC
curves of real classifiers will be continuous curves that stand between the perfect ROC
curve and the chance diagonal. Such examples are given in figure 4.2.

Figure 4.2: Examples of ROC curves. The chance diagonal is also shown in the graph.
Figure taken from [17]

In order to assess the performance of different classifiers, one must be able to compare
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different ROC curves. One way to do it is to compare a set of summary indices. We will
introduce only of them: the area under the ROC curve, or AUC in short. It is defined as

AUC =
ˆ 1

0
y(x)dx (4.1)

where y(x) is the true positive rate as a function of the false positive rate x. We can
say that it is the function associated to the ROC curve. From the considerations of the
previous paragraphs, we can deduce that the AUC for a perfect classifier is 1 whereas it is
0.5 for a random classifier. A simple interpretation of the AUC is that it is the average
true positive rate for the whole domain of false positive rates, that spans from 0 to 1. This
follows directly from the definition of the average value of a function. We thus expect
that better classifiers will have higher AUCs compared to lesser classifiers, as classifiers
with a higher AUC give on average a higher true positive rate. Most information in the
first part of this section was found in [17] where more summary indices and properties of
ROC curves can be found.

We will now describe how ROC curves can be used in the context of machine learning.
The approach given thereafter was first pioneered by Fawcett and Provost in [28] and we
will follow closely the account given in this defining paper. ROC curves can indeed be
used to compare different machine learning models.

A first simple approach to compare machine learning models would be to compare
their classification accuracy, defined as the ratio between the number of correctly predicted
instances and the total number of predictions, and choose the model with the highest
classification accuracy. However, in order for this method to be relevant, we implicitly
assume that the target environment will be constant (the conditions in which we obtain
the data stay the same over time) and relatively balanced (there are approximately the
same numbers of positive and negative instances). This is clearly not the case for the
problem studied in this master thesis i.e the search for gravitational lenses. In fact, as
lensed galaxies are very rare, the class distribution is very skewed towards the negative
class. We call this phenomenon class imbalacing. So let’s imagine that the lenses appear
in a 999:1 ratio, any model that classifies all the galaxies as non-lensed will have a 99.9 %
classification accuracy. It is therefore pointless to compare the classification of different
models in this extreme scenario. Classification accuracy does not incorporate the cost of
misclassification either.

A robust way with to compare different models would be to compare their ROC
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curves as it enables us to see how the different models perform for chosen false positive
rates. ROC curves allow us to analyze the performance of the models in a way that is
independent of the possible skewness of the class distribution. As mentioned earlier, one
way to perform the comparison of the ROC curves is to compare the different AUCs. Due
to the average nature of the AUC, this is sufficient only if the ROC curves do not cross
each others. Indeed, if the ROC curves cross this means that one model is better than
the other on a limited range of false positive rates. As a consequence it is not clear which
one to chose. Moreover, there is no mention of the misclassification cost in the AUC.

This is where the ROC convex hull method comes into place. We first notice that the
expected cost associated to the point (fp, tp) in ROC space is given by

p(p) × (1 − tp) × c(N, p) + p(n) × fp × c(Y, n) (4.2)

where c(N, p) is defined as the cost of false positive and c(Y, n) the cost of false negatives.
Thus two models with (fp1, tp1) and (fp2, tp2) will perform equally well if

tp2 − tp1

fp2 − fp1
= c(Y, n)p(n)

c(N, p)p(p) (4.3)

The term on the right side of equation 4.3 defines the slope of so called iso-performance
lines. As we want models with maximal performance, optimal points in the ROC space will
be located in the upper-left corner of the ROC space. More formally, the best models will
be located on the boundary of the convex hull of the different ROC curves in consideration.
Hence, models that lie under this boundary can be discarded (for example models B and
D in figure 4.3). The situation is depicted in figure 4.3.
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Figure 4.3: Hypothetical ROC curves with their convex hull. Figure taken from [28].

Of course, the optimal model will depend on the specific class distribution and on
the objective (this objective could be high purity or high completeness). As an example,
let us consider two fictitious scenarios, taken from [28]. In both scenarios, there are five
times more negative instances of the negative class than the positive class. In scenario 1,
false positive and false negative errors are equally expensive (i.e. c(N, p) = c(Y, n)). In
scenario 2, a false negative is 25 times more costly than a false positive. From equation
4.3, we deduce the slopes of the iso-performance lines in both scenarios. It is 5 in the first
scenario and 1/5 in the second. Lines α and β drawn in figure 4.4 are iso-performance
lines with respectively slope 5 and 1/5 that intersect with the convex hull of ROC curves
A and C. We therefore conclude that model A is optimal in the first scenario while model
C is optimal in the second scenario.

In reality, one does not know precisely the costs or true class distribution. A sensitivity
analysis over the different ranges of costs and distributions must therefore be carried out.
It is the task that we will accomplish for different machine learning models in chapters 5
and 6.
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Figure 4.4: ROC curves with iso-perfomance lines. Figure taken from [28].
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Chapter 5

Description and results of the
machine learning model

5.1 Description of the model

Now that the general framework is set up, we can describe in details how the final machine
learning model was built. As was seen previously, the goal is to construct the best (in the
sense of section 4.3) possible machine learning model that takes a set of attributes of the
picture, noted X, as input and returns a the probability that a particular galaxy is lensed
or not. This is done thanks to a classifier S. The image is then classified as a lens if this
probability is greater than a threshold t.

We will start by contextualizing the present work. As mentioned earlier, this master
thesis is a follow up of [18]. In [18], a significant amount of preprocessing was carried out.
The first steps of building the machine learning model were also performed. Our first task
was therefore to clean up, comment and reorganize the code of [18]. The second and more
important task was to develop a more rigorous framework to evaluate the performance of
machine learning models in the context of lens search. With this in mind, we searched
the literature and found the method described in section 4.3 along with other tools to be
explained later in this chapter.

In order to build efficient models, one needs to know which attributes to include. This
is called feature selection. A review of the topic of feature selection can be found in [36].
A possible way to determine the most relevant attributes is to sort them by increasing
information gain. The information gain of a feature Xi with respect to the classes C is
defined as

IG(Xi) = H(Xi) − H(Xi|C) (5.1)
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where H(Xi) is the entropy of Xi and H(Xi|C) is the entropy of Xi when we know that it
belongs to class C. These are defined as

H(Xi) = −
∑

j

p(xj) log2(p(xj)) (5.2)

H(Xi|C) = −
∑

k=0,1
p(ck)

∑
j

p(xj|ck) log2(p(xj|ck)) (5.3)

where xj denote the possible values taken by the feature Xi and c0 and c1 are the two
possible classes. This metric has the advantage to be computationally simple and to
possess a simple interpretation in terms of information theory. It is indeed the information
that we obtain by adding the feature Xi to the model.

The attributes were calculated thanks to statmorph [29]. statmorph is a Python
package that enables us to compute parametric and non-parametric features of galaxies.
A complete list of the possible non-parametric features computable thanks to statmorph
along with their descriptions is given in appendix A. There are 23 parameters that we can
calculate with statmorph. Here, we will describe only the four most relevant parameters.
These are, listed by decreasing information gain,

• The most significant parameter is the the Gini-M20 bulge index [34] [29]. It uses the
normalized second order moment of the brightest 20% of the pixels M20 [22]. It is
defined as

M20 = log(
∑

i Mi

Mtot
) (5.4)

where Mi is the second order moment of pixel i, fi is the fraction of the flux carried
by pixel i (subject to the constraint that ∑n

i fi = 0.2) and Mtot is expressed as

Mtot =
n∑
i

fi[(xi − xc)2 + (yi − yc)2] (5.5)

(xc, yc) is the position of the center of the galaxy defined such that Mtot is minimized.
For reasons given in [34] the Gini-M20 bulge index is the position of a galaxy along
a line in the Gini-M20 plane that is perpendicular to the line

F (G, M20) = −0.693M20 + 4.95G − 3.96 (5.6)

with the origin in (0.565, −1.679). This index increases for bulge dominated systems,
hence the name.

• The Gini index [22], already widely used in economics [12], quantifies the inequality
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of the light distribution of the galaxy. It is defined by the equation

G = 1
2X̄n(n − 1)

n∑
i=1

n∑
j=1

|Xi − Xj| (5.7)

where n is the total number of pixels, X̄ the mean value of the intensities of the
pixels and Xi the intensity of pixel i. It lies in the interval [0, 1]. 0 corresponds to a
completely egalitarian distribution while 1 is an extremely unequal distribution.

• The concentration [7] quantifies how spread out the luminosity profile of a galaxy is.
It given by

C = 5 log(r80

r20
) (5.8)

where r80 is the radius of the region where 80 % of the flux lies and where r20 is the
radius of the region where 20 % of the flux lies. The central pixel is defined such
that the asymmetry is minimized (see definition below). It is strongly correlated to
the M20 due to their similar definitions.

• As its name suggests, asymmetry enables us to quantify the asymmetry of the
luminosity profile of the galaxy [1]. Its defining equation is

A =
∑

i,j |I(i, j) − I180(i, j)|∑
i,j I(i, j) − B180 (5.9)

where I(i, j) is the intensity of the pixel located at coordinate (i, j), I180(i, j) is the
intensity of the pixel located at coordinate (i, j) on the image rotated by 180° around
the central pixel and B180 is the average asymmetry of the background. B180 is
the magnitude of the difference between the background pixels and the background
pixels of the image rotated by 180°.

A pairplot of these features is given in figure 5.1. This allows us to visualize the relevance
of these parameters as the positive and negative classes are neatly separated in the pairplot,
especially for the first three. Indeed, we can intuitively expect sharp inequalities and
asymmetries in the light distribution of a lens.

We also tried to compute the Sersic parameters of the galaxies. It however proved
impossible to obtain reliable estimations of Sersic parameters. Indeed, both statmorph [29]
and galfit [25] [26] (another software specifically designed to calculate Sersic parameters)
would flag the results as unreliable for more than half of the dataset. This is likely due to
the background of the provided images. We therefore abandoned the idea to use Sersic
parameters for the machine learning models.
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Figure 5.1: Pairplot of the four most relevant attributes. Orange points correspond to
lenses. Blue points are non-lensed galaxies. The four most relevant attributes are defined
in the main text.
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5.2 ROC curves of different classifiers

We can now describe the course of action used to build the best machine learning models.
First, we computed the ROC curves of random forests using 10 to 23 parameters with the
most information gain. The same procedure was carried out for extremely randomized
trees. The results are displayed in figures 5.2 and 5.3 (only a few of the models are shown
in the figures for readability). We can immediately conclude from the figures that the
random forests or ERT containing 10 parameters are not optimal. Indeed, the ROC curves
for the models that include 10 parameters lies below the others. We know from section
4.3 that such ROC curve are not optimal. That conclusion holds for both random forests
and extremely randomized trees. The eleventh most important parameter in terms of
information gain is the signal to noise ratio. It is defined in appendix A. The ROC curves
are subject to random fluctuations due to the fact that they are subject to significant
random noise and only a rough conclusion can be drawn at this stage. A more analysis of
theses curves is postponed to section 5.3.

We also created models using principal components as inputs. Similarly to what
was done for bare parameters, we computed the principal components and sorted them
by decreasing order of information gain. We turned to principal components mainly
because they are linearly uncorrelated, which is not the case for the original parameters.
The results are reported in table 5.1. This table illustrates the fact that the principal
components that explain the most variance are not necessarily the most relevant. In
figures 5.4 and 5.5, we drew the ROC curves of random forests and extremely randomized
trees that used the tenth to fifteenth most relevant principal components in terms of
information gain, as over 90 % of variance is explained with these 15 principal components.
We can already note a significant improvement compared to models using the attributes.
Indeed, we can achieve a higher true positive rate for a given false positive rate. As the
curves are subject to random fluctuations, no best models can be deduced from these
figures.

36



Principal component PVE cumulative PVE
Z1 29.69 % 29.69 %
Z12 1.12 % 30.8 %
Z8 3.39 % 34.2 %
Z10 1.88 % 36.08 %
Z13 0.99 % 37.07 %
Z9 2.97 % 40.04 %
Z19 0.1 % 40.1 %
Z11 1.4 % 41.5 %
Z5 4.8 % 46.3 %
Z3 9.7 % 56.008 %
Z6 4.2 % 60.2 %
Z2 25.8 % 86.02 %
Z18 0.1 % 86.1 %
Z16 0.3 % 56.4 %
Z7 4.02 % 90.4 %
Z14 0.7 % 91.1 %
Z20 0.04 % 91.1 %
Z22 0.01 % 91.1 %
Z15 0.4 % 91.6 %
Z17 0.2 % 91.8 %
Z21 0.03 % 91.8 %
Z24 9.10−31 % 91.8 %
Z23 10−30 % 91.8 %
Z4 8.2 % 100 %

Table 5.1: Table containing the principal components, ranked by decreasing order of
information gain, along with their percentage of variance explained (PVE) and the
cumulative PVE of all the previous and current rows of the array.
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Figure 5.2: Five empirical ROC curves for random forests with different sets of attributes.
Both x and y axes are in logarithmic scales. The AUCs of the models are also displayed
in the legend.
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Figure 5.3: Five empirical ROC curves for extremely randomized trees with different sets
of attributes. Both x and y axes are in logarithmic scales. The AUCs of the models are
also displayed in the legend.
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Figure 5.4: Six empirical ROC curves for random forests with different sets of principal
components. The x axis is in logarithmic scale. The AUCs of the models are also displayed
in the legend.

40



Figure 5.5: Six empirical ROC curves for extremely randomized trees with different sets
of principal components. The x axis is in logarithmic scale. The AUCs of the models are
also displayed in the legend.

41



5.3 Analysis of the bootstrapped ROC curves

We have to keep in mind that since the observations contain noise, the ROC curve shown
in the previous section are themselves random variables with unknown variance. Indeed,
both the false positive rate and false negative rate are probabilities. Since we are working
on a limited sample, we can only rely on empirical estimators to compute the probabilities.
In order to obtain a good approximation of the true ROC curves, we bootstrapped different
empirical ROC curves. Bootstrapping is a technique to obtain reliable estimates of random
quantities if we have at our disposal only a limited sample. For the objects at hand (i.e.
ROC curves), it consists in calculating the ROC curves for data samples drawn from
the original sample with replacement. The ROC curves are then averaged to obtain an
estimator of the ROC curve with a variance that is greatly reduced.

As bootstrapping is a computationally intensive procedure, we could only bootstrap a
limited number of the empirical ROC curves presented in the last section. For the models
using attributes, we noticed that both for random forests and extremely randomized
trees with 19 to 23 parameters laid on the convex hulls of empirical ROC curves for false
positive rates up to 10−3. This can be seen on figures 5.2 and 5.3. We therefore chose to
bootstrap these ROC curves. The results are reported in figures 5.6 and 5.7.

We can apply the analysis technique developed in section 4.3 to figures 5.6 and 5.7.
We can see that in both figures, the convex hull consists only in one curve. The model
associated to this curve is therefore the best model. We observe that the best random
forest uses 23 parameters while the best ERT uses 19 parameters. In figure 5.11, we drew
the ROC curves of these two models in the same graph. We can see that the two ROC
curves intersect. However, using the method developed in section 4.3, we can say that
this crossing occurs for regions of low misclassification cost, which is not of interest here.

We repeated the same procedure for classifiers that use principal components as
input. We chose to bootstrap the curves of models that include from 10 to 15 principal
components, as they contain most of the variance, as shown in table 5.1. The results
for ERT and random forests are displayed in figures 5.9 and 5.8. We see that again for
each classifier the convex hull is just one curve. Hence, the best ERT uses 12 principal
components whereas the best random forest uses 15 principal components. In figure 5.10,
we plotted the ROC curves of the two best models on the same graph. We immediately
see that the ERT with 12 principal components is better than the random forest.

We can finish this chapter by comparing figures 5.10 and 5.11. Overall, models using
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principal components are far better than the models using bare attributes. Moreover, they
use fewer principal components, compared to the number of bare attributes needed to
describe the data. This is due to the fact that the principal components are uncorrelated
and hence account for the redundancy between attributes. The principal components
carry therefore more information. Tables 5.2, 5.3, 5.4 and 5.5 summarize our findings. We
can conclude that the best machine learning model to search for strong lenses found in
this work is an ERT model using 12 principal components.

ERT with 12 principal components
False positive rate True positive rate 95 % confidence interval

10−3 0.985 [0.9702,0.993]
10−2 0.997 [0.995,0.998]
10−1 1 [0.999,1]

Table 5.2: Table containing the true positive rates for given false negative rates and the
bounds of the 95% confidence intervals on these true positive rates for an ERT with 12
principal components.

Random forest using 15 principal components
False positive rate True positive rate 95 % confidence interval

10−3 0.926 [0.842,0.972]
10−2 0.983 [0.961,0.994]
10−1 1 [0.999,1]

Table 5.3: Table containing the true positive rates for given false negative rates and the
bounds of the 95% confidence intervals on these true positive rates for a random forest
with 15 principal components.

ERT using 19 attributes
False positive rate True positive rate 95 % confidence interval

10−3 0.562 [0.467,0.631]
10−2 0.823 [0.8005,0.843]
10−1 0.984 [0.981,0.986]

Table 5.4: Table containing the true positive rates for given false negative rates and the
bounds of the 95% confidence intervals on these true positive rates for an ERT with 19
attributes.
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Random forest using 23 attributes
False positive rate True positive rate 95 % confidence interval

10−3 0.548 [0.422,0.636]
10−2 0.819 [0.798,0.834]
10−1 0.985 [0.982,0.986]

Table 5.5: Table containing the true positive rates for given false negative rates and the
bounds of the 95% confidence intervals on these true positive rates for a random forest
with 23 attributes.
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Figure 5.6: Bootstrapped ROC curves of five different random forests built using the
attributes as input. X axis is in logarithmic scale.

45



Figure 5.7: Bootstrapped ROC curves of five different extremely randomized trees built
using the attributes as input. X axis is in logarithmic scale.
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Figure 5.8: Bootstrapped ROC curves of six different random forests built using the
principal components as input. X axis is in logarithmic scale.
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Figure 5.9: Bootstrapped ROC curves of six different extremely randomized trees built
using the principal components as input. X axis is in logarithmic scale.
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Figure 5.10: Bootstrapped ROC curves of the two best models built with the attributes.
X axis is in logarithmic scale. The dashed lines correspond to the bounds of the 95 %
confidence interval.
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Figure 5.11: Bootstrapped ROC curves of the two best models built with the principal
components. X axis is in logarithmic scale. The dashed lines correspond to the bounds of
the 95 % confidence interval.
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Chapter 6

Comparison with the deep learning
model

6.1 Presentation of the convolutional neural network
model

In this chapter, we are going to compare the machine learning model developed in the
previous chapter with the deep learning model of [30]. We will begin by describing in
more details the neural network created in [30], then we will proceed to the comparison.

We are first going to detail the functioning of the deep learning model developed
by Savary et al. in [30]. As mentioned numerous times during the course of this work,
the authors used a convolutional neural network as their classifier. CNNs are inspired
by biology and they consist in feeding the data to successive mathematical functions
called layers. The bulk of these layers in CNNs consist in convolution products. The
parameters of the CNN are computed by minimizing a loss function. This minimization is
performed thanks to optimization algorithms such as Adagrad or gradient descent. CNNs
are especially efficient to process images. More on CNNs can be found in [23].

The authors of [30] made use of a particular architecture of CNNs called EfficientNet
[35]. More specifically, the B0 version of EfficientNet. Savary et al. adapted the
implementation of B0 from Keras Python library [6] to treat images of 44 × 44 pixels
which is the size of the images of the training set. Additionally, different neural networks
were trained on different subsets of the training sets. As mentioned earlier, the dataset
is the same as the one we used to train our machine learning model. The predictions
of these networks were then averaged to obtain the final score. This technique is called
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ensemble-averaging. As a reminder, a similar technique is used to construct random
forests and extremely randomized trees. In these cases, the average of different models is
done by performing the average of the outputs of the different trees.

As the predictions of CNNs are not invariant under rotation, predictions were made for
the original images as well as rotated and flipped versions of the original images. Three
rotations were performed, by 90°, 180° and 270° and flips of the original and rotated
images. The final prediction is an average of these predictions.

6.2 ROC curves of EfficientNet

In order to compare the models developed in chapter 5 to EfficientNet, we will again
compare their respective ROC curves. In order to draw the ROC curve of EfficientNet,
we needed its test set as well as the scores that were given to the galaxies of the test set.
The test set consisted in 1060 galaxies, 50 % of which were images of galaxies taken from
the Pan-STARRS1 survey that did not exhibit any lens feature and 50 % of which were
simulated lenses taken from the same dataset that we trained and tested our machine
learning model with.

A file containing the results of EfficientNet on the test was provided by the authors
of [30]. Following the same procedure as the one described in the previous chapter, we
first drew the empirical ROC curve of the deep learning model. The result is displayed in
figure 6.1. We then bootstrapped this ROC curve to obtain a reliable approximation of
the true ROC curve. This is shown in figure 6.2.

As we can see in both figure 6.1 and figure 6.2, the model developed in [30] appears
to be a perfect classifier that clearly outperforms all the models developed in chapter 5.
This result can be explained by several factors. First, we did not have at our disposal the
results on the whole test set. We only had the results for 450 galaxies out of the 1060
reported in [30]. Secondly, even if we had the complete results, 1060 galaxies, with 50 %
of lenses, is a too small sample to produced reliable ROC curves. Indeed, most statistics
are high quality approximations only if the sample size is sufficiently large, which was not
the case here. So as to perform a more robust analysis of their results, the authors of [30]
could have included more galaxies in their test set. Drawing the ROC curve in [30] would
have made this problem more blatant.

We can give a more quantitative assessment of these considerations. We can indeed
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compute the probability of obtaining a "perfect" ROC curve for the machine learning
model developed in chapter 5, namely an ERT with 12 principal components and with a
test set of 450 images. To do so, we trained the model in similar conditions than the one
used to train EfficientNet in [30], then we bootstrapped the ROC curves obtained with
a test set of 450 images. We could then calculate the probability of obtaining a perfect
ROC curve. This probability is 99.2 %. Hence, this number clearly gives an indication of
the issue encountered in the comparison with EfficientNet.

6.3 Discussion of the results

Despite the problem of statistical significance detected in the methodology of [30], it is
expected that EfficientNet is still better than simple machine learning models such as the
ones created in chapter 5.

The main reasons would be their higher dimensional parameter space and their ability
to perform feature selection automatically. Despite this, we have shown in chapter 5
that machine learning algorithms, especially if principal components are used as inputs,
could still be highly accurate. Moreover, their interpretability allow them to be used in
combination of deep learning with the purpose of discovering the possible biases of the
former.
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Figure 6.1: Empirical ROC curve of Efficient NET
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Figure 6.2: Bootstrapped ROC curve of Efficient NET
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Chapter 7

Conclusion

7.1 Main results and discussion

We are now going to conclude this work. We first started by reviewing the physical
principles governing gravitational lenses. Then, we presented the origin of the data used in
this work. Afterwards, we introduced the classification problem that we were facing, along
with the algorithms used as classifiers. We also presented the tools needed to compare
different models. This led to the introduction of ROC curves. A substantial amount of
time was devoted to find a way to analyse ROC curves properly. A robust way to compare
ROC curves was developed in [28] and it is this method that we used in our work.

As was mentioned several times during the course of this master thesis, this work is a
follow up of a previous master thesis [18]. In [18], data preprocessing was completed and
preliminary steps were taken in the construction of a reliable machine learning model. The
dataset used in [18] and in our work was originally created to train the deep learning model
of [30]. It consisted in red luminous galaxies taken from the CFIS survey as negative
instances and simulated lenses combining images of the CFIS and the Hubble Space
Telescope as positive instances.

The main goal of the present work was thus to extend and build more rigorous
foundations of machine learning models destined to look for gravitational lenses. We also
wished to compare the results of a machine learning model with the ones of a deep learning
model, more specifically, the deep learning model of [30]. We began by refactoring and
reorganizing the code of [18] and put it on a github.

Once the theoretical foundations and context were set up, we proceeded to build several
different machine learning models. We first had to select features. Again, an important
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amount of time was invested in trying to find the most robust way to select features.
Finally, we determined that comparing the information gain of the different features was
the most robust way to select features, because it is computationally efficient, model
independent and the method is readily interpretable. Feature selection was therefore
performed using the information gain of the different features. We also could not compute
in a reliable way Sersic parameters for the dataset, despite using different softwares to do
so, most likely because of the background of the images. We hence decided to discard the
Sersic parameters and to build a model without using them.

Afterwards, we built the ROC curves of the different machine learning models and
compared them. The best models were built using principal components as input. These
can be considered to be accurate models. The model that was chosen in the end was an
ERT model using 12 principal components. It achieved a 98.5 % true positive rate for a
10−3 false positive rate. All other machine learning models considered here were inferior
in terms of true positive rates for a given false negative rates.

Lastly, we compared the performance of the deep learning model developed in [30] and
our machine learning models. The deep learning model appeared to be perfect. However,
the results lacked statistical significance.

Indeed, we have shown in chapter 6 that a perfect ROC curve for our machine learning
model could be obtained with a 99.2 % probability if the test set only consisted in 450
galaxies. Therefore, the results and analysis presented in chapter 6 are not entirely robust.
We however expect the deep learning model to be better than the simple machine learning
models built earlier, at the expense of interpretability.

7.2 Future perspectives

We will finally share some future perspectives. The natural next step would be to search
for lenses using machine learning models in a real dataset. This would give more hindsight
on the limitations of such models.

It would also be instructive to perform a deeper and more rigorous comparison of deep
learning and machine learning models. In particular, it is necessary to run EfficientNet
on more samples. It would be interesting as well to run them both on real datasets and
examine the strengths and weaknesses of each type of models with respect to the different
galaxy types. We expect both types of models to perform less well on real datasets and
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the gap between the two approaches to be reduced. Indeed, significant differences arise
between a dataset of simulated lenses and a dataset of real lenses, most notably in terms
of noise and structure of the images.
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Appendix A

Morphological parameters of galaxies

We are now going to list all the parameters that can be computed thanks to statmorph
[29]. These are

• The Petrosian radius [27] [22], rp, is defined such that the ratio between the surface
brightness of the image at rp and the mean surface brightness enclosed within a
surface of radius rp is equal to 0.2

0.2 = µ(rp)
µ̄(r < rp) (A.1)

• The effective radius [3], Re, is defined as the radius of the surface that contains 50
% of the light of the galaxy.

• The smoothness [22], S, defined by

S =
∑
i,j

|I(i, j) − IS(i, j)|
|I(i, j)| − BS (A.2)

where IS(i, j) is the intensity of pixel (i, j) smoothed by a box of width 0.25rp and
BS is the averaged smoothness of the background pixels.

• The signal to noise ratio [16] is defined to be the ration between the power of the
useful signal and the power of the noisy part of the signal

SNR = Psignal

Pnoise
(A.3)

• The coordinates of the geometrical center of the image (average of the positions of
the pixels weighted by their intensity).

• The coordinates of the center of the image that minimizes the asymmetry.
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• The ellipticity [3]
ϵ = 1 − b

a
(A.4)

where a is the semi-major axis and b the semi-minor axis of the galaxy. a and b can
be calculated with one of the two centers mentioned above in this list.

• The elongation [2] defined as a
b
.

• The orientation [2] is angle between a and the x axis of the image.

• The Gini-M20 merger index [34] [29] is the position of a galaxy along a line in the
Gini-M20 plane that is perpendicular to the line

S(G, M20) = 0.139M20 + 0.99G − 0.327 (A.5)

with the origin in (0.565, -1.679).
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