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Abstract— Structural analysis of galaxy images is useful for studying galaxy formation and evolution - for example,
we can observe that stars in an elliptical galaxy tend to be older than the stars in spiral galaxies. Our universe consists
of billions of galaxies and studying the properties of galaxies will allow us to obtain a deeper understanding of physics
of the universe that we live in. Surveys conducted by Sloan Digital Sky Survey (SDSS) have provided us with millions
of images, which has allowed researchers to conduct analysis on galaxy morphology. Morphological analysis was
usually carried out by trained experts, which takes a lot of time and is impractical when large numbers of images are
involved. Previous efforts to build machine learning based systems were not able to achieve the required levels of
precision. Instead, the Galaxy Zoo project applied a crowd sourcing strategy to classification, using online volunteers
to classify the images by answering a series of questions. However, even this approach does not scale properly to keep
up with the increasing size of datasets. To deal with these problems, an automated approach became necessary.
Thanks to the availability of training set from crowd sourcing, it has become feasible to train machine learning
models for this task effectively. In this paper, we use a deep neural network model for galaxy structure classification,
which exploits translational and rotational symmetry in the images.
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I. INTRODUCTION
Structural characteristics of galaxies is an important area of interest in the large scale study of the Universe. Galaxy
classification is the first of the many steps towards a greater understanding of the origins and the formative processes of
galaxies, and by extension the evolution processes of the Universe. Galaxy classification is important for two main reasons
- First, to produce extensive catalogues for statistical and astronomical programs, and second foriidiscovering underlying
physics.
In the recent years, with numerous digital sky surveys across a wide range of wavelengths, astronomy has become an
immensely data-intensive field. For example, the Large Synoptic Survey Telescope (LSST) is a planned wide-field
"survey" reflecting telescope that will take pictures of the entire available sky every few nights and will produce more than
200,000 images of galaxies every year which is impossible to be reviewed by humans. This overload creates a need for
techniques to automate the difficult problem of classification. Many attempts to build Machine Learning based
classification systems for galaxies have had difficulties in reaching precisions needed for astronomical studies [1].
The Galaxy Zoo project was born out of this necessity. The intended goal of the project was to obtain reliable
classifications for over 900,000 galaxies by allowing members of the public - also called citizen scientists to contribute
classifications using a web platform. The project was very successful, with the entire dataset being labelled within several
months. This labelled dataset along with recent advancements in image classification [2], [3] is what allows us to use deep
neural networks, since they require large amounts of training data to perform well. In this paper, we seek to use a deep
neural network for galaxy structural classification that is specially crafted to the properties of images of galaxies.
The rest of this paper is structured as follows: in Section 2 we discuss the previous works in this area, in Section 3
we discuss the dataset. Section 4 explains the theory behind deep learning. Convolutional neural networks are described
in Section 5, an overview of our modelling approach is discussed in Section 6, implementation in Section 7. Finally we
discuss the conclusions and future work in Section 8.
II. RELATED WORK
Machine learning techniques have been used in astronomy research for more than 20 years. Neural networks were
first applied for differentiating between star and galaxy and classification of galaxies [4], [5]. Earlier work in this field
had to operate on much smaller datasets and the networks had very few trainable parameters (between 100 and 1000). It‟s
only recently that we had access to larger training sets using data from surveys such as the SDSS [6], [7]. Convolutional
networks were first applied to solve galaxy classification problem in 2014 after the success of convnets in other image
classification problems.
III. DATASET
The dataset was obtained from Galaxy Zoo, which is an online crowdsourcingproject, where users are asked to
describe the galaxy structure based on JPEG color images [8], [9]. Participants were asked to answer questions such as
„Doesthe galaxy have a mostly clumpy appearance?‟ and „Is thereiiany sign of a spiral armpattern?‟
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Figure 1. The Galaxy Zoo decision tree (Courtesy: www.kaggle.com)
The training set of data consisted of61,578 JPEG colour images of galaxies eachof which had thedimensions 424 by
424 pixels, along with probabilities for each of the 37 answers in the decision tree. The first@column in each solution
isiilabeled by a randomly generated IDcalled GalaxyID. This ID@allows us to match the probability
distributionswithiithe images. The next 37columns are all floating point numbers between 0 and 1 inclusive.
Theserepresent the morphology (or shape) of the galaxy in 37 different categories as identified by crowdsourced volunteer
classificationsiiaspart of the Galaxy Zoo 2 project. These morphologies are related to probabilities for each category; a
high number (close to 1) indicates that many users identified this morphology category for the galaxy with a high level of
confidence. Low numbers for a category (close to 0) indicate the feature is likely not present.
A test set of 79,975 imageswas also provided, but with no labelling.Galaxy Zoo guides itscitizen scientists through a
nested decision tree - this is whatiiconstitutes the classification process. Each galaxy's classification is the result of a
specific path down a decision tree. Multiple individuals (typically 40-50) all classified the same galaxy, resulting in
multipleiipaths along the decision tree. These multipleiipaths generate probabilities for each node. Volunteers begin with
general questions andiimove on to more specific ones. As a result, at each node or question, the total initial probability of
aiiclassification will sum to 1.0.
IV. DEEP LEARNING
The idea of deep learning or hierarchical learning is to build models that attempt to represent the data at multiple
levels of abstraction, and which can discover accurate representations automatically from the data itself [11]. Deep
learning models consist of several layers that form a hierarchy: each layer extracts a gradually more abstract
representation of the input data and builds upon the image from the previous layer, which is done by computing a nonlinear transformation of its input. The parameters of these transformations are optimized by training the model on a
dataset.
A feed-forward neuraliinetwork is an example of such a model, where each layer consists of a number of units which
arecalled neurons that compute@a weighted@linear combination of the layer input, followed by an element wise nonlinearity. These weights constitute the model parameters. Let the vector 𝑥𝑛−1 be the input to layer 𝑛, 𝑊𝑛 be a matrix of
weights, and 𝑏𝑛 be a vector of biases. Then the output of layer 𝑛 can be represented as the vector.
where f is the activation function, an element wise nonlinear function. Common choices for the activation function are
linear rectification (𝑓 𝑥 = max
(𝑥, 0)), which gives rise to rectified linear units [12], or a sigmoidal function (𝑓 𝑥 =
(1 + 𝑒 −𝑥 )−1 or (𝑓 𝑥 = (tanh
(x)).Another possibility is to compute the maximum across several linear combinations
of the input, which gives rise to maxout units [13]. We will consider a network with N layers. The network input is
represented by 𝑥0 , and its output by 𝑥𝑁 . A schematic representation of a feed-forward neural network is shown in Figure 2.
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The network computes a function of the input 𝑥0 . The output 𝑥𝑁 of this function is a prediction of one or more
quantities of interest. We@will use t to represent the desired output (target) corresponding to the network input 𝑥0 . The
topmost layeriiof the network is referred to as the output layer. All the other layers below it are hidden layers.
During training, the parameters of all layers of the network are jointly optimized to@make the output 𝑥𝑁
approximate the desired output t as closely as possible. We can quantify the prediction error using an error measure
𝑒(𝑥𝑁 ,t). As a result, the hidden layers will learn to produce representations of the input data that are useful for the task at
hand, and the output layeriiwill learn to predict the desired output from these representations.

To determine how the parameters should be changed to reduce the prediction error across the dataset, we can use
gradient descent: the gradient of 𝑒(𝑥𝑁 ,t) is computed with respect to the model parameters 𝑊𝑛 , 𝑏𝑛 for n = 1…N. The
parameter values of each layer are then modified by repeatedly taking small steps in the direction opposite to the
gradient: Here, η is the learning rate, a hyper parameteriicontrolling the step size. Traditionally, models with many nonlinear layers of processing were not in common use, because they were difficult to train: gradient information would
vanish as it propagated through the layers, making it difficult to learn the parameters of lower layers [15].
Practical applications of neural networks were limited to models with one or two hidden layers. Since 2006, the
invention of several new techniques, along with a significant increase in available computing power, have made this task
much more feasible. By replacing traditional activation functions with linear rectification, the vanishing gradient problem
was significantly reduced. The introduction of Dropout [16] and DropConnect regularization [17] makes it possible to
train larger networks with many more parameters.
V. CONVOLUTIONAL NEURAL NETWORKS
Convolutional neural networks also knowns as CNN‟s or convnets are a special type of neural networks with
constrained connectivity patterns between some of the layers. They are used when the input data exhibits some known
grid-like topology, pixels of an image, or time series data. Convolutional neural networks consists of two types of layers:
convolutional layers and pooling layers. Convolution is a@specialized kind of linear operation. Convolutional networks
are@simply neural networks that use convolution in place of general matrix multiplication. A convolutional layer takes a
stack of feature maps (e.g. the colour channels of an image) as input,and convolves each of these with a set of
learnableiifilters to produce a stack of output feature maps. This can beiiimplemented efficiently by replacing the matrixvector product 𝑊𝑛 𝑥𝑛−1 in Equation 2 with aiisum of convolutions. Weiirepresent the input of layer n as a set of K
matrices 𝑋𝑛𝑘−1 with k = 1 ….K. Each of theseiimatrices represents a different input feature map. The output feature maps
(𝑙)
𝑋𝑛 with l = 1….L are represented as follows:

(𝑘,𝑙)

Here, * represents the two-dimensional convolution operation, the matrices 𝑋𝑛 represent the filters of layer n, and
(𝑙)
𝑏𝑛𝑙 represents the bias for feature map l. Note that a feature map 𝑋𝑛 is obtained by computing a sum of K convolutions
(𝑙)
(𝑙)
with the feature maps of the previous layer. The bias 𝑏𝑛 can optionally be replaced by a matrix 𝐵𝑛 , so that each spatial
position in the feature map has its own bias (`untied' biases). This allows the sensitivity of the filters to vary across the
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input. By replacing the matrix product with a sum of convolutions, the connectivity of the layer is effectively restricted to
take advantage of the input structure and to reduce the numberiiof parameters. Each unit is only connected to a local
subset of the units in the layer below, and each unit is replicated across the entire input.
As a consequence of this restricted connectivity pattern, convolutional layers typically have far fewer parameters
than traditional dense (or fully-connected) layers that compute a transformation of their inputiiaccording to Equation 2.
This reduction in parameters can drastically improve generalization performance (i.e., predictive performance on unseen
examples) and make the model scale to larger input dimensionalities.
Because convolutional layers are only able to model local correlations in the input, the dimensionality of the feature
maps is often reduced in between convolutional layers by inserting pooling layers. This allows higher layers to model
correlations across a larger part of the input, iialbeit with a lower resolution. A pooling layer reduces the dimensionality
of a feature map by computing some aggregation function (typically the maximum or the mean) across small
localiiregions of the input [18]. This also makes the model invariant to small translations of the input, which is a
desirable property for modelling images and many other types of data.
Unlike convolutional layers, pooling layers typically do not have any trainable parameters. By alternating
convolutional and pooling layers, higher layers in the network see a progressively more coarse representation of the
input. As a result they are able to model higher level abstractions more easily, because each unit is able to see a larger
part of the input. Convolutional neural networks constitute the state of the art in many computer vision problems. Since
their effectiveness for large-scale imageiiclassification was demonstrated, theyiihave been ubiquitous in computer vision
research [2][3].
VI. APPROACH
We describe theiisteps in our processing pipeline and how to handle overfitting. The proposed pipeline consists of
three steps: input pre-processing, augmentation and a convolutional neural network.
A. Handling overfitting
Convolutional neural networks require enormous amounts of training data due to very high numbers of parameters,
but our training set has only 61,578 images. A natural consequence of this is that there is a high risk of our network
overfitting. Overfitting means that our network will try to memorize the training images, and will not generalize properly
to new data.
B. Pre-processing
The first stage is to perform dimensionality reduction by cropping the images which can then be followed up with a
rescaling operation. We can confidently crop the images from 424 by 424 to 201 by 201 because the galaxy is located at
the center of the JPEG image with the remaining portion being noisy background. We then downiisample three times to
67 by 67 pixels.
C. Data augmentation
We use data augmentation to artificially increase the size of the data set.
The following steps were used:
i. randomiirotation with an angle between 0° and 360
ii. translate the image by randomly shifting the samples uniformly between +5 and -5 pixels
iii. random rescaling with a scale factor selected log-uniformly between 1/1.6 and 1.6
iv. Bernoulli flipping the image with a probability of 0.5
v. The colour of the image is adjusted as described in [2]. This amounts to brightness adjustment.
After pre-processing and augmentation, we proceed to extract the viewpoints by rotating, flipping and cropping the
input images.
D. Network architecture
All views were presented to the network as 45 by 45 pixels by 3 arrays of RGB values, scaled to the interval [0:1]
and processed by the same CNN model. The resulting feature maps were then combined and fed to a stack of two fully
connected layers to map them to the 37 answer probabilities.
There are four convolutional layers, all with square filters, with filter sizes 8, 4, 3 and 3 respectively, and with untied
biases. The ReLU non-linearity is applied after each layer [12]. A 2 by 2 max-pooling follows the first, second and
fourthiiconvolutional layers. The combined feature maps from all viewpoints are processed by a stack of two fully
connected layers, consisting of two maxout layers [13] with 2048 units with twoiilinear filters each, and a linear layer
that outputs 37 realnumber.
E. Training
To train the models we used mini batch gradient descent with a batch size of 20 andiiNesterov momentum [19] with
coefficient 𝜇= 0.9. Nesteroviimomentum is a method for accelerating gradient descent by accumulating gradients over
time in directions that consistently decrease the objective function value. This and similar methods have become popular
for neural network training in recentiiyears, because they speed up the training process and often lead to improved
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predictive performance. We refer to Sutskever et al [20] for a thorough treatment and evaluation. Following Krizhevsky
et al. [2] we used a discrete learning rate schedule to improve convergence. This was necessary to ensure convergence.
Weights in the model were During training, we used DropConnect [17] in all two dense layers.Dropout [16], is perhaps a
biggest invention in the field of neural networks in recent years
VII. IMPLEMENTATION
We implemented the model using Python and Theano on a 64 bit Linux OS [21],[22]. Theano was also used to
perform automatic differentiation, which simplifies the implementation of gradient-based optimization techniques.
Networks were trained on NVIDIA GeForce GTX 970 cards. Data augmentation was performed on the CPU using
thescikit-image package [23] in parallel with model training on the GPU. Training the network took roughly 70 hours in
real time.
VIII. CONCLUSION AND FUTURE WORK
We used a convolutional neural network for galaxy structure classification.The network was trained on data from the
Galaxy Zoo project and was able to predict various aspects of galaxy morphology directly from raw pixel data. It can
automatically annotate large collections of images, enabling quantitative studies of galaxy morphology on an
unprecedented scale.
Performing such large-scale analyses is an important direction for future research. We can also try model averaging
by averaging the predictions of different models to increase the accuracy.From previous applications in the domain of
computer vision, it has become apparent that the performance of convolutional neural networks scales very well with the
size of the dataset. Another possibility is the application of our approach to classifying images from other projects in the
zoo universe, including sun spots, craters on lunar surfaces, and images from mars and so on.
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