
AM205: Data fitting for imaging Comet NEOWISE

In late July 2020, Comet NEOWISE was visible from Earth. From a dark sky location, the
comet was easily visible to the naked eye, and there were many superb photos that were
taken showing the intricate structure of its tail.

Chris has been fascinated by astronomy since an early age. His homewown of Keswick
in the United Kingdom has very little light pollution, and he was able to appreciate won-
ders of the night sky. However, from his current home near Central Square in Cambridge,
Massachusetts there are high levels of light pollution and the sky usually appears a dim
grey with all but the brightest stars washed out. On the Bortle scale that is used to measure
light pollution [1], Cambridge ranks at roughly 7–8.

Chris has a Fuji XT-4 digital camera, which has excellent image quality, but typical
pictures of the night sky have a bright grey background. Figure 1 shows a typical raw
camera image, and it is difficult to make out any detail beyond the brightest stars. Further
problems like aircraft lights and brightly lit clouds are also visible.

As students of AM205, we can ask ourselves if it is possible to do better. The light
pollution adds a smooth, but spatially varying, background to the image. Can we use our
data fitting skills to subtract this out and reveal more detail?

Figure 1: An example of the difficulty of night sky imaging from an urban area. This image with a 6.5 s
exposure was taken near the MIT sports fields on August 11, 2020.
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A preliminary step – image stacking

Before getting into the subtraction of light pollution, we must collect some images and
do some post-processing. A major advantage of cameras over the human eye is that
they are able to collect photons over an extended period of time, allowing get a much
stronger signal. However, there is a fundamental challenge with imaging the night sky.
Due to the spin of the Earth, the stars appear to do a full rotation every day. In the
northern hemisphere, this rotation appears centered around the north celestial pole, where
coincidentally the bright star Polaris is located. In the southern hemisphere, there are no
bright stars near the southern celestial pole, but the Southern Cross is sometimes used to
locate it.

Figure 2: An iOptron SkyGuider Pro
for star tracking. The red unit rotates
the camera mount and counterweight
assembly to precisely match the sky’s
rotation.

In practice, with a camera lens with moderate zoom
on a tripod, we can take exposures up to 3 s without this
rotation becoming too noticeable. Beyond this, images
show star trails, which can be used for artistic effect al-
though blurs out a lot of the fine detail. If we want to
image for longer than this, then we can take a sequence
of 3 s images, and then combine them together. This
involves aligning the images on top of each other, which
we will discuss in the next section.

This problem can be alleviated with the use of a star
tracker (Fig. 2). This device sits on top of the tripod, and
has a rotation axis that can be aligned with the celestial
pole. The camera can be attached to the star tracker, and
it will rotate once every day, thereby allowing the cam-
era consistently move with the stars and enabling much
longer exposures without star trails. In a professional
observatory, this tracking can be done very precisely, but
with an amateur setup like Chris’s where the alignment
with the celestial pole is done manually, stars will still
drift after a time of one or two minutes. Nevertheless,
this significantly improves the quality of data that can be
collected.

Image stacking – the first data fitting problem

Suppose that we have a sequence of N images that are indexed from k ∈ {0, 1, 2, . . . , N− 1}.
Each m× n image will have pixel values pk

ij for i ∈ {0, 1, . . . , m− 1} and j ∈ {0, 1, . . . , n−
1}, where each pixel value is a three-component vector with red, green, and blue color
channels. For any image, we can also construct a continuous representation pk(x) using
interpolation where x ∈ R2; we also write xij = (i, j) to be the position associated with the
location of pixel pk

ij.
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A simple way create the continuous representation is using bilinear interpolation.
Suppose that x = (x, y) is located within the bottom left set of four pixel values, so that
0 ≤ x ≤ 1 and 0 ≤ y ≤ 1. Then

pk(x) = (1− y)
(
(1− x)pk

00 + xpk
10

)
+ y

(
(1− x)pk

01 + xpk
11

)
. (1)

We now want to build a combined image out of the sequence, taking into account the shift
in the viewing field. To do this, we first identify several hundred bright stars in each image,
by finding clusters of pixels with high color channel values. Let the bright stars in image k
be at positions xk

l .
We now find a linear map between image 0 and each successive image k, by using

linear least-squares to fit a matrix Ak and shift x̂k so that

x0
l = Akxk

l + x̂k. (2)

Then we can build a combined image with pixel values sij where

sij = p0
ij +

N−1

∑
k=1

pk
(

Akxij + x̂k
)

. (3)

We will use the combined images like this in subsequent analysis.

Background removal – one-dimensional case

We will now consider a one-dimensional example that captures the essence of the back-
ground subtraction problem. Suppose that we have a data set of points yj that looks like
Fig. 3, where we have a smooth background that is punctuated by special features like
stars. This data is available for download from the course website.

Exercise 1
Introduce yourselves to the people in your group and discuss what the Bortle scale
value is for your current location, or other places that you regularly go do. You
can use the online map at https://www.lightpollutionmap.info/ to assist you.

Exercise 2
In your group, write a program to subtract out the spatially-varying background
to this data set. Begin by discussing how you can do this. For a few hints that
become increasingly explicit, check these links: hint 1, hint 2, hint 3, hint 4.
Try noisy data1.txt first, and then try noisy data2.txt second to see if your
approach will also work on this second data file.
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Figure 3: A one-dimensional data set yj featuring spikes on top of a background field. The spikes can be
thought of as stars or other features (which we want to keep) and the background field can be thought of as
light pollution (which we want to remove).

Background removal – image data

On the course website, you will find the raw data for two images. They are provided at
full resolution, and at half resolution:

• A stacked image of Comet NEOWISE, based on 30 images of two seconds each with
a 56 mm lens, taken on July 20, 2020. No star tracker was used. Full size: 2660× 1620.
Half size: 1330× 810.

• A stacked image of the Andromeda Galaxy based on 63 images of one minute each
with a 90 mm lens, taken on September 24, 2020. This used the star tracker in Fig. 2.
Full size: 5780× 3700. Half size: 2890× 1850.

The data is provided as raw single-precision floating point data in an m× n× 3 array. It
can by imported into Python using the following commands:

import numpy as np

import matplotlib.pyplot as plt

l=np.fromfile("neowise_half.dat",dtype=np.float32)

l.shape=(810 ,1330 ,3)

l/=np.max(l)

plt.imshow(l)

plt.show()

Note that the scale of the image data is quite large. The line l/=np.max(l) normalizes
the data to cover the range [0, 1], which is Python’s standard range for making images of
floating point data.
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Exercise 3
Generalize your methods from Exercise 2 to work with the two-dimensional RGB
image data. For at least one of the data sets provided above, make an image where
the light pollution is removed.

Once you have subtracted the light pollution, then you may wish to apply any other
standard image processing techniques to enhance the image. In particular, you may
consider brightening darker objects by applying gamma correction. Suppose that the
(R, G, B) color values are scaled over the range [0, 1]. Then for any color channel value x,
gamma correction applies the map

f (x) = xγ. (4)

If the parameter γ is chosen as a fraction (e.g. γ = 0.6), then this will preferentially brighten
darker parts of the image. Lower values of γ will apply more brightening.

Some extra things to think about

Exercise 4 (optional)
In Exercise 3, we can show that it is possible to remove light pollution and recover
a good image, revealing detail that was hard to see in the original. But would an
image taken from a light-polluted site ultimately be as good as one from a dark sky
site? Or does working from a light-polluted site create fundamental limitations?

Exercise 5 (optional)
Figure 1 was taken with a wide-angle lens, and shows that the light pollution is
spatially varying and gets stronger toward the horizon. The Andromeda image
was taken with a telephoto lens, looking almost toward the zenith. This image still
has spatially-varying light pollution but its functional form is simpler.

Exercise 6 (optional)
In the Comet NEOWISE image, find NGC 2841. In the Andromeda image, what is
is the magnitude of the dimmest star that is visible?
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