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Machine Learning for Protostellar Image Fitting
JORGE MIFSUT BENET
Department of Space, Earth and Environment
Chalmers University of Technology

Abstract
In this work we present a Convolutional Neural Network (CNN) architecture that
can be utilized to regress two key physical features of massive protostars from images
in the 19 µm and the 37 µm bands: the inclination angle with respect to the line
of sight (θview) and the protostellar mass (m∗). The network was trained on images
generated by Monte Carlo Radiative Transfer simulations following the description of
massive star formation from the Turbulent Core Model [1] [2] [3]. We show by testing
the network on the synthetic data that it is feasible to regress the values for the
aforementioned features solely from the morphology of the protostar displayed in the
images, with a mean offset of µδ(θ) = −0.43◦ and standard deviation of σδ(θ) = 4.45◦

for θview and µδ(m) = −0.69 M⊙ and σδ(m) = 2.31 M⊙ for m∗. The network is
subsequently re-trained with added negative samples to also discern between inputs
that contain protostars and inputs that contain random noise, albeit with a slight
increase in the dispersion of the offsets. This new model is then tested on an image
of Cepheus A from the SOFIA Massive Star Formation Survey and the estimations
for θview and m∗ agree within the error range with other estimations in the literature
obtained by different methods.

Keywords: Deep Learning, Convolutional Neural Networks, Machine Learning, star
formation, protostars, massive stars.
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1
Introduction

Machine Learning (ML), and specifically Deep Learning, are growing in popularity
due to the fast and significant advancements currently being achieved at carrying
out a broad range of tasks. In the context of astronomy, ML can be a promising tool
to automatize the analysis, measurement and prediction of several phenomena in the
ever-growing amounts of data being collected from telescopes and space missions,
while being faster and more accurate than human labeling or other methods.

Some examples [4] of the implementation of Machine Learning and Deep Learning
methods in the field of astronomy involve tasks such as photometric redshift esti-
mation [5], gravitational lensing identification [6], galaxy morphology classification
[7] or stellar feedback bubble identification [8].

The present work aims to implement a Deep Learning method, more specifically a
Convolutional Neural Network, for the regression of key physical features of massive
protostars from multi-wavelength images. This network is trained on synthetic data
generated by simulations and then tested on observational data from the SOFIA
Massive Star Formation Survey.

First, theoretical background will be introduced for the Machine Learning aspects, as
well as for the model of massive star formation which was followed for the generation
of synthetic data and which explains the target physical magnitudes that the network
aims to regress. Then, the specific methods implemented along the development of
this study will be described. Finally, the results of testing the network model on
both synthetic data and the observational images will be presented at the end.
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2
Theory

2.1 Background

2.1.1 Machine Learning
One of the earliest uses of the term Machine Learning is attributed to the IBM
researcher A.L. Samuel in [9], where he described his methods as “programming of
a digital computer to behave in a way which, if done by human beings or animals,
would be described as involving the process of learning”. To complement this, the
following definition of learning is proposed in [10]: “A computer program is said to
learn from experience E with respect to some class of tasks T and performance mea-
sure P , if its performance at tasks in T , as measured by P , improves with experience
E”. Broadly, Machine Learning consists in the application of mathematical models
that make use of data and its internal structure in order to perform some task,
without explicitly hard-coding the solution. Linear regression is a simple example
of Machine Learning.

A common way to classify Machine Learning algorithms is according to the afore-
mentioned experience, E, from which they learn. This way, they can be divided
into supervised, unsupervised and reinforcement learning. In supervised learning,
the training data contains target labels that the algorithm must aim to predict.
Meanwhile, unsupervised learning consists on learning patterns in unlabeled data,
such as in clustering algorithms. On the other hand, in reinforcement learning the
algorithm receives feedback during the process of training according to a set re-
ward system. Another axis along which to classify Machine Learning algorithms
can be their task, T . For instance, one can find algorithms aimed at classification,
regression, translation or de-noising, among many others.

2.1.1.1 Artificial Neural Networks

Artificial Neural Networks (ANNs) are a subset of Machine Learning algorithms.
Historically, ANNs were conceived taking biological neural networks as inspiration.
Similarly to the neurons in the brain, the computational units of an ANN are ar-
tificial neurons, first postulated in [11]. These artificial neurons form a network in
which they are the nodes, and their connections are defined by a series of weights
and biases. In general weights and biases between different pairs of neurons assume
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2. Theory

different numerical values, reflecting different strengths of the synaptic couplings
[12]. Additionally, the output of each neuron is wrapped by some activation func-
tion, imitating the pulses of current that happen in the cellular membranes of a
natural neuron.

One of the simplest architectures for an ANN is that of the fully connected feed-
forward multi-layer perceptron. Here, neurons are distributed in layers and each
neuron only takes as input the outputs of the neurons of the previous layer. Then,
they process this information by performing a linear combination of the inputs
taking into account the weights of the connections to the corresponding neurons
in the previous layer. The output is then passed through the activation function
and fed forward into the network. This process can be synthesized by the following
expression:

xi = g

∑
j

wijxj − θi

 , (2.1)

where i denotes the current neuron, j are the indices of the neurons in the previous
layer, g is an activation function, wij are the weights of the connections of each of
the j neurons in the previous layer to the current i-th neuron, and θi is some bias
for the linear combination.

In the context of supervised learning, the last layer (or ouput layer) of the network
needs to present the same shape as the ground truth labels. This way, the two can be
compared in terms of some loss function, which acts as the performance measurement
of the network. The objective is to minimize the loss, and this is attained by updating
the values of the weights and biases of the network according to some gradient-based
optimization algorithm. These algorithms compute the gradient applying the chain
rule from the loss function at the output all the way back to each of the neurons in
the network, in a process called backpropagation. The act of updating the weights
and biases according to the backpropagation of the loss is called training. It is
repeated over a number of epochs on the same training data set. It is also common
practice to test the model in every epoch with a separate validation data set, in
order to assess that the model performs similarly on an unseen set of data and it is
not merely learning to discern the specific instances of data in the training data set.
In other words, validation is carried out in every epoch to verify that the model is
good at generalizing and is not overfitting.

An attractive property of some ANN architectures such as the Multilayer Feedfor-
ward Network [13] or the Convolutional Neural Network [14] is that, given a large
enough depth (i.e., number of layers), they are universal approximators of any given
continuous function with arbitrary accuracy. It has been shown [15] that another
crucial requirement for this Universal Approximation Theorem to be satisfied is that
there exists some non-linearity in at least one hidden layer, hence why the impor-
tance of activation functions. This property of Neural Networks allows for countless
applications in Science and Engineering and it is the reason for which researchers
have been implementing network architectures with an ever-increasing level of com-
plexity and depth: this is where the term Deep Learning originates.
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2. Theory

2.1.1.2 Convolutional Neural Networks

Convolutional networks (CNNs) are a specific type of neural network for processing
data that has a known grid-like topology [16], such as time-series data (1-D grid)
and image data (2-D grid of pixels). As opposed to the layers of neurons in the
feed-forward multi-layer perceptron, the building blocks of CNNs, the convolutional
layers, consist of a stack of filters to be applied to the input data. These filters have
the same dimensionality as the latter, and they are of a specified size (kernel size).
Each filter is slid through the data with a certain stride. In contrast to equation
2.1, the operation that is carried out in each stride step is called a convolution. It
consists in the sum of the resulting values in an element-wise matrix multiplication
between the kernel and the specific elements of the input matrix that the filter is
affecting on the certain stride. This can be expressed as follows:

Fij = K ∗ I = g

(∑
p

∑
q

kpqxp+s(i−1),q+s(j−1) − θ

)
, (2.2)

where I is the input matrix, K is the kernel or filter, ∗ is the convolution operation,
g is an activation function, kpq and xpq are the (p, q)-th elements of the kernel and
input matrices respectively, s is the stride and θ is a bias. As is also shown in 2.2,
the numerical value produced by this operation conforms the (i, j)-th element of
an output matrix F , called the feature map. As a consequence of this so called
sliding window process, the side size of the feature map (assuming square inputs
and kernels) will be:

F = W − K − 2P

S
, (2.3)

where F , W and K are the side size of the feature map, input and kernel respectively,
S is the stride and P is the size of a possible padding to the sides of the input image
that might be added, precisely, to control the size of the output matrix.

By construction, each element in the feature map contains information from several
elements (or pixels) of input. This is called the receptive field of that unit. This
effect transfers to each of the layers in the network. Therefore, the receptive field of
the units in the deeper layers of a convolutional network is larger than the receptive
field of the units in the shallow layers.

In CNNs, the trainable parameters are the elements of the kernel, as well as the
bias. Through the same process of training and backpropagation described before,
they are able to learn to extract features at multiple levels of abstraction. Taking
into account the concept of receptive field, the first layers of a CNN might learn to
recognize in an image more simple and local features, such as edges and lines, while
deeper layers might learn to recognize more complex shapes or objects.

Another essential component of a CNN is the pooling layer, which reduces the spa-
tial dimensionality of the input by performing downsampling of the feature maps.
The most common form of pooling is Max Pooling, which only maintains the max-
imum value within a pool of pixels. This technique helps to reduce the number of
parameters in the model and ameliorates computational efficiency.
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2. Theory

2.1.2 Radiative transfer of models of massive star formation

The machine learning model presented in this work has been trained on a set of
synthetic data generated by Monte Carlo continuum radiative transfer simulations
performed for the models of massive star formation presented in [17] and [3], here-
after the model grid. This subsection will give an overview of the model grid and
the model for massive star formation that it represents.

Massive stars are fundamental to the understanding of the evolution of galaxies,
yet there is no consensus on how they form. Different scenarios range from core
accretion models ([2], [1]), competitive models ([18]) to protostellar collisions ([19]).
This incertitude is due to the relative rarity, large distance, crowded environments
and high extinctions that characterize observations of massive protostars.

The main method to understand the properties of massive protostars is to analyze
their broadband spectral energy distributions (SED) via radiative transfer (RT)
modeling, particularly on the NIR to FIR range. All the physical features of the
massive star forming system affect its SED, thus requiring a large number of pa-
rameters to describe it precisely. The Turbulent Core model [1] aims to reduce the
number of independent parameters compared to previous models for massive star
formation. In this model, massive stars are formed from pre-assembled massive pre-
stellar cores supported by internal pressure provided by a combination of turbulence
and magnetic fields. These cores are defined as a region of a molecular cloud that
forms a single star or a closed binary by means of gravitational collapse. They
are assumed to be quasi-spherical, self-gravitating, in near-virial equilibrium and in
pressure equilibrium with the surrounding star-cluster-forming clump. The size of
the core is defined by the mean mass surface density of the clump, Σcl. Also, the
core is defined to contain a single, rotationally supported accretion disk.

This way, the model grid is constructed from two initial conditions: the initial
core mass, Mc, and the environmental mass surface density, Σcl; which alongside
the protostellar mass, m∗, inclination and foreground extinction conform its main
free parameters. Properties of the different components of the system (namely the
protostar, disk, envelope and outflow) and their evolutions can be self-consistently
calculated from the two main initial conditions through several analytical and semi-
analytical methods. The evolutionary history of a protostar from a specific set of
initial conditions is referred as evolutionary track and a set of tracks is what we call
the model grid. A specific moment in the evolutionary track is an evolutionary stage
and it is specified by m∗.

The values used for the initial conditions are in a fiducial range similar to the range
of values observed in most Galactic massive star-forming regions. Namely, these
values are Mc ∈ [10, 480] M⊙ and Σcl ∈ [0.1, 3.16] g/cm2. As can be observed in
Figure 2.1, these value ranges contain the internal clumps or cores of infrared dark
clouds (IRDC cores, dark green crosses) that are thought to represent an initial stage
in the process of formation of massive stars and massive star forming cores/clumps
(MSF, red squares).
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2. Theory

Figure 2.1: Plot of mass surface density, Σ versus mass, M , of different observed
environments of star formation ([20])

The Monte Carlo continuum radiative transfer simulations for the protostellar cores
in the model grid with the above mentioned initial conditions are carried out utilizing
HOCHUNK3d from [21], [22]. For each stage, the images (as presented in [3])
are created by calculating the temperature profiles and producing the SEDs at 20
different viewing inclinations. The result is a set of 8640 SEDs defined by four
independent parameters: Mc, Σcl, m∗ and θview. Finally, from these SEDs images
are produced with the surface brightness at different wavelengths, which constitute
the training set for our Machine Learning model.

By comparing the SEDs from the models with observations one can asses how the
IR emission of massive protostars can be explained by specific initial conditions
and evolutionary stages, ultimately testing the theory of massive star formation via
turbulent core accretion. In order to conduct this comparison, the observation needs
to be re-scaled by distance (as the simulations are defined to be observed at 1 kpc)
and adjusted by foreground extinction. Also, the model SEDs should be convolved
with the transmission profiles of the instruments utilized in the observations, with

7



2. Theory

the intention of simulating the fluxes detected in said observations.

Some extra caveats of comparing the model grid to real observational data involve
the fact that the clump is not included in the RT simulations (other than in Σcl)
even if it affects the observed SEDs by providing additional foreground extintion
at shorter wavelengths and additional emission at longer wavelengths. The model
might also underestimate the emission at short wavelenghts by not taking into ac-
count emissions from small grains transiently heated by single photons. Taking
these considerations into account, the estimated lower and upper bounds for the
wavelength of the observations are 8 ≤ λ ≤ 70 µm ([3]). For the training data, the
specific wavelengths used were 19.7 and 37.1 µm from the F8 and L4 filters of the
SOFIA FORCAST instrument, respectively.

2.1.3 SOMA data
The trained network is finally to be tested on real observation data. In particular,
the images utilized are extracted from the Stratospheric Observatory For Infrared
Astronomy (SOFIA) Massive (SOMA) Star Formation Survey (PI: Tan), which uses
the FORCAST instrument ([23]) to image massive protostars from ∼ 10 to 40µm.
These wavelengths identify warm dust thermal emission, which in Core Accretion
models primarily originates from the interior of protostellar outflow cavities. The
presentation of the survey and further details of the methods can be foud in [24].
Relevant to this study, Table 2.1 contains data for the coordinate value increment
per pixel in the images obtained with this instrument, which is necessary for the
re-scaling of the images to coincide with the format of the training data.

Table 2.1: Coordinate value increment deg/pixel for the instrument SOFIA FOR-
CAST at the 19 and 37 µm bands. CDELT1 is for R.A. and CDELT2 for declination.

CDELT1 CDELT2
19 µm −2.58133324992e − 005 2.58133324992e − 005
37 µm −2.58346665741e − 005 2.58560004529e − 005

SOFIA is a Boeing 747SP aircraft modified to carry a reflecting telescope. Fly-
ing into the stratosphere at 38,000-45,000 feet allows SOFIA to operate above 99
% of Earth’s atmosphere, avoiding the atmospheric IR absorption and enabling as-
tronomers to conduct studies of the universe that are not feasible with ground-based
observatories. SOFIA is made possible through a partnership between NASA and
the German Space Agency at DLR.

The focus of this study will be on the source Cepheus A (CepA, Figure 2.2) imaged
at wavelengths of 19.7 and 37.1 µm in order to coincide with the simuated data.
The results obtained in the present study will be compared to the latest analysis
performed on this source. Table 2.2 compiles the results from [25] for the values of
the key features of the protostar we are concerned with.

8



2. Theory

Table 2.2: Estimated values for the distance, location ([24]) and the four free
parameters of the model grid ([25]) for the source CepA

Source d (kpc) R.A. (J200) Decl. (J200) Mc (M⊙) Σcl (g/cm2) m∗ (M⊙) θview (deg)
Cep A 0.7 22h56m17s.98 +62◦01′49.′′39 107+45

−31 0.544+0.626
−0.291 16+6

−5 71 ± 31

Figure 2.2: RGB image of the source Cepheus A. SOFIA-FORCAST 37 µm and
19 µm are shown in red and green respectively, and blue represents Spitzer IRAC
8 µm ([24])

9



2. Theory
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3
Methods

3.1 Normalization and pre-processing
Normalization of the input data is essential for obtaining a good performance from
ML algorithms. It ensures that all the features in the input data are distributed
in the same range, preventing specific features with higher values to dominate over
others. It has also been shown to improve performance and computation time [26].

In the specific case of our training data, extracted from the model grid, it is charac-
terized by having an extremely wide dynamic range. The orders of magnitude of the
surface brightness pixel values vary from 0 to O(109) MJy/Sr. As the regression of
the values for the free parameters of the model was expected to be obtained solely
from the morphology observed in the images and not from the absolute brightness
values, it was reasonable to follow the standard practice of normalizing the images
to pixel values between 0 and 1. However, due to the broad dynamic range of the im-
ages, a simple linear re-scaling by the mean and standard deviation of their surface
brightness distribution did not result in a good performance of the neural network.
This can be explained by the fact that, in most instances, most of the meaningful
information of the images would get compressed and pushed towards 0 when scaling
by the large standard deviation values, making it difficult for the network to learn
the differences in the data with enough precission.

Therefore, a different method for normalization was designed and it consisted of the
following steps. First, each image was treated individually. All the pixels with a
value of 0 were converted to NaN, in order to not be taken into account for the next
steps, as they only represent the background of the image, do not contain infor-
mation about the protostar’s morphology and consist of a disproportionate amount
of pixels compared to the protostar, making the set imbalanced. Then, the rest of
the brightness distribution was cutoff by a lower and and upper threshold, defined
by the 20% and 99.95% percentiles of the distribution respectively. Afterwards, the
resulting distribution was shifted by the lower threshold and rescaled by the upper
threshold. Later, the NaNs are reverted to 0 and the whole distribution was multi-
plied by 106. Finally, a base 10 logarithm is applied to all the image (with the aim
to decompress its dynamic range) after adding 1 to all the pixels, to ensure that
there are no instances of logarithm of 0. The result is consequently divided by 6,
as the largest values input to the logarithm should have been 106, making the new
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uncompressed dynamic range be contained in the interval [0, 1]. Equations 3.1 and
3.2 express the previous process of normalization:

S ′
ij =


Sp,20 ∀Sij < Sp=20

Sp,99.95 ∀Sij > Sp=99.95

Sij otherwise
(3.1)

S ′′
ij = log10

((
S ′

ij − Sp=20

Sp=99.95

)
· 106 + 1

)
/6, (3.2)

where Sij is the ij-th pixel of the image S, the final normalized image is S ′′ and Sp

are the values at the percentile p of the distribution.

For further pre-processing, images were also cropped to a 128 by 128 pixel square
around the center of the image, in order to downscale the input to the network while
still containing the whole protostar in the image. Also, 35 copies of each image were
created with an added rotation, ranging from 10◦ to 360◦ in 10◦ steps.

Additionally, the labels are also normalized between [0, 1]. For the case of θview this
is done by taking cos(θview) as label. For m∗, Σcl and Mcore, the labels are normalized
by dividing all labels by the maximum value among the labels in the specific range
of each magnitude used in the training or testing set.

After the normalization and pre-processing, the whole new data set is split into a
training and validation set with a random shuffle and validation set size of 20% of
the original. The training and validation sets are then separately converted into a
class object that inherits from the PyTorch Dataset class in order to be fed to a
PyTorch DataLoader, which will allow us to load the data in batches, reducing the
computational cost.

Figure 3.1 shows the normalization and pre-processing applied to one image from the
grid, alongside the distribution of the normalized pixel values. As can be observed,
the distributions are imbalanced, with the highest frequencies at value 0, hence why
the previous considerations regarding this value. When removing all the pixels with
value 0 (right most panels) one can appreciate by eye that the distributions are close
to gaussian.

3.2 Testing on SOMA data
In order to test the SOMA images on the network trained on the grid data, it is first
necessary to rescale the former in distance and in coordinate increment per pixel
so that they are equivalent to the latter. This is done by taking into account that
the grid images are defined to be of sources at a distance of 1 kpc and their pixels
represent 0.2778 arcsec. With this and the data from Table 2.1 and 2.2 the SOMA
images were re-scaled accordingly.
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Next, the rescaled SOMA images were normalized following the same process de-
scribed for the syntheic data. This ensures that the input to the trained network
when performing the test presents a similar distribution as that of the training
data, with the aim to avoid domain shift problems, as no further domain adapta-
tion techniques were applied in this study. Figure 3.2 shows the normalization and
pre-processing applied to the SOMA images of the CepA source in the 19µm and
37µm bands used for the testing of the network.

3.3 Background subtraction
In the synthetic data, only the protostar is simulated and the pixel values of the
background are set equal to 0. However, in the observational data this is not the
case. Other sources of IR radiation in the background and foreground of the ob-
served source affect the measurements performed by the instrument. Thus, back-
ground subtraction is a key step for the analysis of observational data, as it aims to
isolate the radiation of the source one is concerned with, which would ideally make
the observed system more similar to the simulations. Therefore, two background
subtraction schemes were implemented.

The first scheme consisted of subtraction of a constant background. From the Tur-
bulent Core Model ([2]) the radius of the core is given by:

Rcore → 0.057
(

Mcore

60 M⊙

)1/2

Σ−1/2
cl pc. (3.3)

In the SOMA images of Cep A, this is equivalent of a core radius of approximately 42
arcsec. Defining an annulus centered on the protostar (Table 2.2) and of inner radius
Rcore and outer radius of 2Rcore, the background value is calculated as the median
pixel value inside the annulus. This constant value is subsequently subtracted from
the entirety of the image.

The other method of background subtraction applied in this work starts by defining
the same annulus as in the previous one. Then, it is divided in annular sectors of 30◦.
The pairs of radially opposite sectors are then utilized to define a linear gradient
filter by using the two median pixel values inside each sector as the two extremes
of the gradient, and the angle that the sectors form with the horizontal axis. This
gradient is then applied only on the corresponding pairs of circular sectors in the
circle inscribed in the annulus that correspond in orientation angle with the pair
of annular sectors. This scheme is illustrated in Figure 3.3. This process is then
iterated along all the pairs of annular sectors, applying the background subtraction
to the whole inner circle of radius Rcore.

3.4 CASI-2D
The network architecture utilized in the present study is based on that of CASI
(A Convolutional neural network Aproach for Shell Identification) presented in [27].
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Figure 3.1: Example of one image of the grid in the 19µm and 37µm bands which
has been normalized, cropped and rotated (left panels), histogram of the distribution
of pixel values in the image, i.e. normalized brightness surface (middle panels) and
histogram of the distribution of pixel values in the image which are non-zero (right
panels).

Figure 3.2: Analogous to Figure 3.1, images of Cep A in the 19µm and 37µm
bands which have been normalized, cropped and rotated (left panels), histogram
of the distribution of pixel values in the images, i.e., normalized surface brightness
(middle panels) and histogram of the distribution of pixel values in the image which
are non-zero (right panels).
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Figure 3.3: Illustration on the Cep A 37 µm SOMA image of one instance of
the process of gradient background subtraction by sectors. Two radially opposed
annular sectors are highlighted in yellow and the two corresponding circular sectors
are highlighted in green, with the gradient applied to them superposed.

This model implements a deep neural network similar to U-Net for two different
tasks: dense regression and image segmentation. Analogously to our case, CASI was
also trained using synthetic data generated with magneto-hydrodynamic simulations
and tested on observations, achieving good performance at both tasks.

For this study, the code provided in [27] was first translated from a Tensorflow to a
PyTorch implementation, and adapted to the problem at hand.

As our only task is regression, the U-Net shape is not necessary, so only the encoder
half was used (Figure 3.4). The fundamental building block of this architecture is
a residual block [28], rather than a single convolution. It consists on a sequence
of padded convolution operations applied consecutively in such a way that they
conserve the dimensions of the input to the block. At the end of the sequence, the
output is merged with the input to the block through a residual (or skip) connection.
This scheme has been shown to improve performance in accuracy and to be easier
to optimize [28]. The encoder is built by a concatenation of residual blocks and
Instance Normalization and Max-Pooling layers. Instance Normalization was chosen,
as opposed to the usual Batch Normalization, because, unlike the latter, Instance
Normalization does not contain batch-size-dependent trainable parameters, which
allows for testing on the single two channel SOMA image regardless of the batch
size used for training. The number of sequences of these three elements in the
concatenation is controlled by the depth parameter. Another parameter used to

15



3. Methods

Figure 3.4: Diagram of the basic architecture of the CASI encoder, with a detailed
diagram of the residual block, and the fully connected layers.

define the architecture is the number of filters of the convolutions in the first residual
block. Then, the number of filters for consecutive blocks is doubled at each depth
step.

Following the results from [29] suggesting better generalization properties, stochastic
gradient descent (SGD) was chosen as the optimizer for the network. The optimizer
is mainly controlled by two hyperparameters: the learning rate and the momentum
intensity. The learning rate acts as a weight for the updates carried out to each
of the trainable parameters in the network according to the optimization. The
choice of order of magnitude of the learning rate requires finding a balance, as too
high values will make the optimization diverge, while too low values will lead to
premature convergence or unnecessarily long training times. Momentum consists
in substituting the original update by a linear combination between the previous
update and the current update, weighted by the momentum intensity parameter. It
can be understood as a moving average of the gradients, reducing oscillations and
promoting convergence.

The other parameter that controls the training of the network is the batch size. This
parameter determines the amount of samples from the training set that are fed to
the network in each training step. It can take values from 1 to the training set size.
At the extreme of batch size of 1 results in updates at each sample, which introduces
stochasticity to the optimization process. A training process with SGD and a batch
size between the two extremes is called mini-batch SGD, which is the usual choice in
the literature. The selection of the batch size presents a trade-off: larger batch sizes
allow for more parallel calculations, reducing the calculation times and providing
better gradient estimates resulting in faster convergence to an optimum. However,
this also requires higher memory and computational costs. On the other hand, small
batch sizes have been shown to have an effect of regularization and to provide an
improvement at generalization. Every time training has been performed on all the
batches of the data set, an epoch is finished. The number of epochs determines the
duration of the overall training.
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Table 3.1: Network Hyper-Parameters

Hyper parameter Value
Batch size 8
Depth 5
Filters 64
Learning rate (initial) 1e-3
Noise σ 0.001
Epochs 200

Figure 3.5: Loss and accuracy over 25 epochs for the training (blue) and validation
(orange) sets during the training of the network with all the available data for the
regression of Mcore, Σcl, m∗ and θview.

Additive Gaussian noise can be applied at the input by setting its specific standard
deviation via the parameter σ. This can help the robustness of the model to small
perturbations and reduce over-fitting.

Since hand-tuning alone produced satisfactory performance, an exhaustive hyper-
parameter optimisation strategy was not carried out for this work. Table 3.1 contains
the specific values utilized for the above mentioned hyper-parameters. Note that
the learning rate was modified along the training with a multiplicative learning
rate scheduler, which reduced its value by multiplying it by 0.5 every epoch with a
number that is multiple of 50. The batch size, number of filters and initial learning
rate values were chosen trying different combinations, finally these values achieved
sufficient accuracy in the validation without compromising too long computation
times. The number of epochs is similarly just large enough to verify that the loss
has converged to a stable value.

An instance of training and validation loss and accuracy over 20 epochs of training
can be observed in Figure 3.5.
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4
Results

4.1 Testing on synthetic data
In order to test the hypothesis that a CNN can be utilized to regress the two physical
variables m∗ and θview solely from the morphology observed in the images, a first
approach was to verify that this was attainable on the testing data. To that end, a
fiducial set of initial conditions was chosen (Mcore = 60 M⊙ and Σcl = 1g cm−2) on
the basis that the different values of the target variables were visually discernible
to some degree to the human eye merely from looking at the morphology of the
simulated data corresponding to these values of Mcore and Σcl. This would suggest
the ML algorithm could be able to achieve better precision than human labeling and
also it would serve as an automated tool. Training and testing for each of the two
target variables were carried out separately.

As another experiment, all the synthetic data (without initial condition restrictions)
were used to train a modified version of the network with 128 initial filters and with
the task of regressing the four variables: Mcore, Σcl, m∗ and θview.

4.1.1 Viewing angle
For this test, the network initialized with the hyper-parameters described in the
previous chapter (Table 3.1) was trained on alternate inclination angles. In this
way, the training set contained only the images with the aforementioned initial
conditions and all the available range of m∗ the labels of which corresponded only
to 10 out of the 20 different values of θview comprised in the synthetic data. The
other 10 were saved as testing data.

Figure 4.1 shows the simulated images in the 19 µm band for a protostar with these
initial conditions and evolutionary stage m∗ = 24 M⊙ with the aim of showcasing
the differences of morphology at different viewing angles.

Figure 4.2 shows the result of this test. It is evident from the plot in the left panel
that the predictions closely follow the true value-prediction identity line, indicating
that the regression task for θview can be deployed successfully. Also, there is not
an apparent difference between the dispersion of the predictions of the set of angles
that the network was trained on with respect to the ones that were excluded. There
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is, however, some dispersion in the results. In order to study this dispersion, the
offset of each of the predictions with respect to the true value was calculated and
the distribution of the offsets is plotted in the right panel of Figure 4.2. The mean
offset is µδ(θ) = −0.43◦ with a standard deviation of σδ(θ) = 4.45◦. This mean offset
is relatively small, especially when compared with the value intervals between the
discrete labels, so these results can be deemed acceptable and the regression of θview
from the morphology of the simulated protostars successful.

One final observation in this test is that the offset is more apparent at the two
extremes of the range. This could be explained by the fact that the variability in
morphology is most evident in the middle of the range (see Figure 4.1), while the
images close to the extremes present a more uniform shape. Also, with regards to
the extreme of low angles, due to the non-linear nature of the transformation of the
data labels (cos (θview)), even if the labels were equally spaced, the translation into
degrees makes this range of viewing angles less populated in terms of labeled data,
making the regression more uncertain.

4.1.2 Protostellar mass
A similar experiment was carried out for the regression of m∗. In this case, one
mass value (m∗ = 16 M⊙) in the range available in the grid for the fiducial initial
conditions was excluded from the training set, while the test set contained all the
available evolutionary stages. In this way, the intention is to probe how the network
will regress a previously unseen m∗ value contained in the range of the training set.

Figure 4.3 from [17] shows different simulated evolutionary stages (m∗= 1, 2, 4, 8,
12, 16 and 24 M⊙ at the initial conditions Mcore = 60 M⊙ and Σcl = 1g cm−2 viewed
at an angle of 60◦ and at different wavelengths. Although not as obvious as with
θview, each evolutionary stage presents a distinct morphology. Notably, the outflow
cavity widens as m∗ increases. This will allow the CNN to discern between the labels
of this physical magnitude as well.

Figure 4.4 shows the results of the test described above. Similarly to the test for
inclination angle, the predictions for m∗ also follow the identity line defined with
the true labels. As one might expect, the predictions for the excluded mass have
a larger dispersion, but it is not significantly larger than those of the other labels.
In contrast with the previous case, it is the extreme values of the range that are
predicted the most accurately.

Regarding the offset, the distribution has mean µδ(m) = −0.69 M⊙ and standard
deviation σδ(m) = 2.31 M⊙, although the distribution is slightly skewed to the left,
which might signify that the network tends to slightly overestimate the value of
m∗, since the offset is calculated as δ(m) = m∗,true − m∗,pred. These are still overall
acceptable offsets relative to the spacing of the labels and, therefore, the network is
able to regress the protostellar mass from the morphology observed in the images.

The previous tests have shown that, at least when treating with the synthetic images,
it is possible to regress θview and m∗ with a certain degree of accuracy. Would
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Figure 4.1: Grid of simulated images for a protostar with Mcore = 120 M⊙ and
Σcl = 0.316g cm−2 at m∗ = 24 M⊙ at 20 different cos(θview) with a filter at the 19µm
band, showcasing the variability in morphology at different values of θview.
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Figure 4.2: Test result for the regression of θview by the network trained on images
with initial conditions Mcore = 60 M⊙ and Σcl = 1g cm−2 and odd angles (blue)
and tested on both odd and even (red) in the left panel, and distribution of the
offsets of the prediction with respect to the true value shown in the right panel,
with µδ(θ) = −0.43◦ and σδ(θ) = 4.45◦

one want to achieve better precision, it might be attained with more training time,
different hyper-parameter selection or more sophisticated architectures. Even during
the exploration phase in this work, accuracies of up to 99% in classification tasks
were achieved on the synthetic data. However, this type of task was not the main
objective of this work and such high accuracies do not translate into better or more
certain results as it will be discussed in the testing on SOMA observational data,
below.

4.1.3 Training on all data
A separate experiment was carried out in which all 8640 synthetic images were used
as training data, with no restrictions on the initial conditions. In this case, the task
was to regress all four variables: Mcore, Σcl, m∗ and θview. To this end, the number
of filters was increased to 128, but the rest of the hyper parameters were kept the
same as the previous cases.

Figure 4.5 shows the distributions of the offsets between the predictions for Σcl and
θview and their true values, and the relative offset distributions of Mcore and m∗ with
respect to their true values. Additionally, the offset distributions for the validation
of the previous two experiments are superposed in blue for comparison in the cases
of m∗ and θview. The mean µ, and standard deviation, σ, of each distribution are
also shown in each panel.

As can be observed, all distributions are centered close to 0, suggesting that on
average the predictions are near the true values. The asymmetry in both mass
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Figure 4.3: From [17]. Resolved images at different wavelengths for several evo-
lutionary stages (m∗ = 1, 2, 4, 8, 12, 16, and 24M⊙ from top to bottom) of initial
conditions Mcore = 60 M⊙ and Σcl = 1g cm−2 viewed at an inclination angle of 60◦.
Each image is normalized to its maximum surface brightness, which is labeled in the
lower-left corner.
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Figure 4.4: Test result for the regression of m∗ by the network trained on images
with initial conditions Mcore = 60 M⊙ and Σcl = 1 g cm−2 with m∗ = 16 M⊙ (red)
excluded from the training and tested on all protostellar masses, and distribution of
the offsets of the prediction with respect to the true value shown in the right panel,
with µδ(m) = −0.69 M⊙ and σδ(m) = 2.31 M⊙

.

magnitudes indicates that the network tends to overestimate this values with respect
to the ground truths. With regards to the width of the distributions, for the m∗
offset distribution it is comparable to that of the previous experiment, and so is the
one for Mcore. When it comes to Σcl, the standard deviation is similar in size as the
smallest interval between two of the label values: 0.1 and 0.316 g cm−2. Finally,
upon inspection of the comparison between the offset distributions of the predictions
of θview for the different tests, it is apparent that there has been a loss in precision,
as the distribution for the restricted set network is narrower than that of the current
experiment.

It is worth mentioning that it is known that some of the simulated data do not
present distinct morphologies at different values of the model’s variables, yet all
the available images were used for training. This might hinder the training of the
network and better accuracy could be achieved by manually selecting the images
of the grid that present discernible changes in morphology in the selected ranges of
values for each of the variables.

4.2 Testing on SOMA observational data
The main objective of this work is to develop a tool that will analyze observational
data of massive protostars and regress their θview and m∗ in an automated manner.
To that end, the last experiment that is carried out in this chapter is to test the
network on the Cep A image from the SOFIA Massive (SOMA) Star Formation
Survey.
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A first step to perform this test was to retrain the network with synthetic im-
ages corresponding to a different set of initial conditions. More precisely, Mcore =
120 M⊙, Σcl = 0.316 g cm−2, which more closely matches the results obtained by
spectral energy distribution fitting by [25]. When doing this and testing on the
synthetic data, the results were analogous to those from the previous sections, but
in order to effectuate the testing on the SOMA image some further considerations
are needed.

An established problematic in machine learning algorithms is that of the domain
shift [30] and many efforts have been done to overcome it. When the training data
and the test data are not drawn from the same distribution, the test performance
can be negatively affected. This might be the case with the Cep A image. Upon
visual inspection it is apparent that it does not have such a clear morphology as its
synthetic counterparts.

This can pose a problem on the interpretability of the results. Although promising,
the results obtained when inputting the image to the trained network are not un-
equivocally reliable. In fact, when an image of uniform noise was input through the
trained network, the results were not discernable from what would be a result to a
real source.

To overcome this problem, a different training scheme was implemented. Negative
samples were added to the training sets in the form of empty images (all pixel values
equal to 0) and images with random uniformly distributed pixel values with random
noise intensity. They were assigned the extreme values of 0 and 1 and the labels
of synthetic images were distributed along that range. Also, since it is not needed
to do further tests on the synthetic data, no specific label was excluded from the
training.

Figures 4.6 and 4.7 show the results of testing the network trained with this new
scheme with a validation set of the synthetic data. As can be observed, the intro-
duction of the negative samples has presented a trade-off, where a highly accurate
distinction of the zeros and noise images suppose an increase in dispersion for the
regression of the labels of the real images. However, they still follow the identity
line and the offset distributions are comparable.

With the network being able to very accurately predict whether the input is noise,
if the Cep A images do not get classified as such, the prediction will be considered
reliable for the purposes of this work. Tables 4.2 and 4.1 compile the results of the
regression of each of the variables of our interest. The Cep A image is fed raw and
with the two background subtraction methods to the network 36 times applying a
rotation of 10◦ each time. The results are expressed as:

x = µpred ±
√(

σ2
pred + µ2

δ

)
, (4.1)

where µpred is the mean value predicted throughout the 36 predictions, σpred is the
standard deviation, and µδ the mean offset of the network. Although there are
discrepancies of around 10% with the results from [25] and up to 30% with the
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results of m∗, the ranges of error of both overlap.

Also, the results do not seem to be much affected by the background subtraction,
which could be expected as the pixel values comprised in the annulus are very low
compared with the pixel values that conform the protostar.

Table 4.1: Results for the regression of m∗ on the Cep A image, compared with
the results from [25]

m∗ (M⊙)
Fedriani et al. (2023) 16+6

−5
Raw image 25 ± 6
Constant Background 24 ± 6
Sector Background 25 ± 6
Noise (label) 0.90 ± 0.03
Zeros (label) 0.003 ± 0.001

Table 4.2: Results for the regression of θview on the Cep A image, compared with
the results from [25]

θview(◦)
Fedriani et al. (2023) 71 ± 12
Raw image 79 ± 9
Constant Background 79 ± 9
Sector Background 80 ± 10
Noise 87.4 ± 1.3
Zeros 3.0 ± 0.4

A more complete tool would result from the separate experiment performed by
training on all data in order to obtain an estimation for all four variables of the
grid. However, it was not possible to overcome the domain shift problems when
testing on the SOMA images in this case. Improvements on this regard are left for
future work.
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Figure 4.5: Offset distributions of the predictions for Mcore, Σcl, m∗ and θview with
respect to their true values (black). In blue, offset distributions for the prediction
of m∗ and θview with the restricted initial conditions trained networks. The offsets
for Mcore and m∗ are relative to the true value.
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Figure 4.6: Regression of θview with negative samples of noise (labeled as cos(90) =
0) and zeros (labeled as cos(0) = 1) in the left panel and offset distribution of the
predictions in the right panel.

Figure 4.7: Regression of m∗ with negative samples of noise (labeled as 0) and
zeros (labeled as 64 M⊙) in the left panel and offset distribution of the predictions
normalized by the true mass in the right panel.
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In this study it has been shown that, starting from synthetic images of massive
protostars generated by Monte Carlo Radiative Transfer simulations following the
Turbulent Core Model of massive star formation, it is possible to implement Convo-
lutional Neural Network architectures trained on these images to successfully regress
some of their key physical features, namely, their angle of inclination with respect
to the line of sight, θview and their protostellar mass, m∗ which defines their evolu-
tionary state. It has also been investigated that better performance can be achieved
through modifications in the architecture or hyper-parameter tuning. Additionally,
the performance of the network was explored in classification tasks and it was found
to have an excellent accuracy of up to 99% in case that the continuous value regres-
sion of these variables would not be necessary.

On the other hand, applying the trained network to observational data from the
SOFIA Massive Star Formation Survey of the protostar Cepheus A was not so
straightforward. Possible domain shift problems and lack of robustness at handling
noise required for the network to be retrained adding negative samples (noise and
zeros). The new model was highly precise at discerning the negative samples, but
at the cost of decreasing slightly the precision of the regresion of the labels. The
results when feeding the observed system agree within the range of error with the
results found in the literature for the same source found with other methods, i.e.,
spectral energy distribution fitting, which is promising. However, the settings for
the training required some previous knowledge of these results, which is not ideal
for implementing this method in other sources.

All things considered, this method has the potential to be highly useful for the
analysis of observational data. Specially if one manages to achieve more similarity
between the training and testing data, either by further pre-processing the data
by, for example, applying convolutions of the optical profile of the instrument used
for the observations, or by obtaining better quality observations, for instance with
new facilities such as the JWST, the results will be more reliable. For this project
in particular, immediate further developments should include implementing a more
sophisticated architecture in order to regress all 4 parameters that define the model
grid instead of merely one at a time, which would provide much better generaliza-
tion for measurements in observed systems without previously known data and the
implementation of transformer architectures for better performance.
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