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Imaging polarimeters such as the RoboPol installed on the 1.3m 
telescope at the Skinakas Observatory in Greece measure 
polarization of starlight as shown in Figure 1 and 2. 
Polarimetric measurements are affected due to presence of 
artifacts in images as shown in Figure 3.  Our aim is to 
automatically detect these artifacts. 

Figure 1: RoboPol instrument design 

Figure 2: Formulae to calculate Stokes                        Figure 3: An actual RoboPol image showing the 
Parameters q and u using intensities in                        artifacts due to reflections of bright stars within 
the 4 spots of light.                                                       the instrument.  
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Eliminating artifacts in Polarimetric Images using Deep Learning

Training Data

Training Performance StatisticsClassical Machine  
Learning techniques  
require us to know  
the type of features 
in the input data.     

Deep Learning models 
learn the features in  
the input data and use 
them for classification.   

Source: www.guru99.com/machine-learning-vs-deep-learning.html

Figure 5: Collage of cutouts of stars and artifacts. Each cutout is 64 x 64 
pixels in size and contains a star/artifact entirely.
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Figure 6: Histogram of labelled artifacts 
and stars. 

Figure 7: Histogram of instrumental 
magnitudes of stars used in our training data

The output of the model is the probability that the input  
source image is an artifact. We use 3 convolution layers, 3 
max-pooling layers, dropout and a fully connected layer. 
The output activation is sigmoid and the layers have 
Rectified Linear Unit (ReLU) activation.  

Figure 8: Our CNN architecture based on the Visual Geometry Group’s  
image classification model.

Figure 4: Machine learning and Deep learning models

We trained our model on a single CPU of 2.3 GHz Intel 
Core i5 processor. The training took 35 minutes. The 
optimizer used was an Adam optimizer. The entire code 
was written in Python 3.7.1 using TensorFlow and Keras 
API.   

Stars Artifacts 

Figure 9: (Above) Plot showing the decreasing Binary Cross Entropy loss 
over several iterations for the training and validation data. (Below) Plot 
showing the training and validation accuracy over several iterations.

Figure 10: Results of testing model on sources 
which are known to be stars.

Figure 11: Results of testing model on sources which  
are known to be artifacts.

We tested our model on 
testing data and plotted 
the prediction  
probability of the source 
being an artifact on  
top of each cutout.  

In Figure 10, we show 
predictions for sources 
which we know are 
stars while in Figure 11,  
we show the predictions  
for sources which we 
know are artifacts.    

Figure 12: A Confusion Matrix that shows the true negatives (155), false 
positives (5), true positives (193) and false negatives (5).  The normalized 
values are given in brackets. 

Figure 13: (L) The Receiver-Operating Characteristics Curve (ROC) showing 
that the Area Under the Curve (AUC) for our model is 0.996. Ideally it 
should be 1. (R) The true positive rate and false positive rate of our model at 
different values of threshold.

We chose our 
architecture with 3 
convolution layers as its 
performance was 
comparable to the 4 
layer architecture but 
came at much lesser 
computational expense.

Figure 14: (L) Saliency Map visualization of the corresponding artifacts (R). 

A saliency map helps us to find the locations of the pixels 
in the input image which need to be changed the least to 
activate the output classification score.

Figure 15: Results of testing model on sources which  
are known to be artifacts.

Figure 16: We plot the Histogram of the prediction probabilities of the 90,000 sources and 
find how many standard deviations above the noise floor were the sources.  

We tested our model on  
100 randomly chosen 
images from RoboPol 
dataset and performed 
predictions on over 
90,000 sources from 
these images. 

Future Work
1. Implement transfer learning for detecting other classes of 

artifacts. 
2. Investigate the sources predicted in the 30 to 40% prediction 

probability range. 
3. Deploy model for automatically identifying artifacts in the 

upcoming Wide Area Linear Optical Polarimeter (WALOP).
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