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Abstract

In the past few years, pipelines providing astronomical data have been becoming increasingly important.
The wide use of robotic telescopes has provided significant discoveries, and sky survey projects such as
SDSS and the future LSST are now considered among the premier projects in the field astronomy. The huge
amount of data produced by these pipelines raises the need for automatic processing. Astronomical pipelines
introduce several well-defined problems such as astronomical image compression, cosmic-ray hit rejection,
transient detection, meteor triangulation and association of point sources with their corresponding known
stellar objects.

We developed and applied soft computing algorithms that provide new or improved solutions to these
growing problems in the field of pipeline processing of astronomical data. One new approach that we use is
fuzzy logic-based algorithms, which enables the automatic analysis of the astronomical pipelines and allows
mining the data for not-yet-known astronomical discoveries such as optical transients and variable stars.

The developed algorithms have been tested with excellent results on the NightSkyLive sky survey, which
provides a pipeline of 150 astronomical pictures per hour, and covers almost the entire global night sky.






Contents

1 Introduction 7

2 PHOTZIP: A Lossy FITS Image Compression Algorithm that Protects User-Defined

Levels of Photometric Integrity 11
2.1 Introduction . . . . . . . . . . e e e e 11
2.2 Lossy Compression That Preserves Bright Signals . . . . . . ... .. ... .. ......... 12
2.3 Compressing Non-Astronomical Edges and Artifacts . . .. ... ... ... ... ....... 14
2.4 Photometric Integrity . . . . . . . . L 14
2.5 Performance of the PHOTZIP Algorithm . . . . . . .. ... ... ... ... ..... 16
2.6 Conclusions . . . . . . . i e e e e e 16

3 A Fuzzy Logic Based Algorithm For Finding Astronomical Objects in Wide-Angle

Frames 23
3.1 Introduction . . . . . . . . . . e e e 23
3.2 Fuzzy Logic Based Coordinate Transformations . . . . . . . . ... ... ... .. ... .... 24
3.2.1 Reference Stars . . . . . . . .. e 24
3.2.2 Building the Fuzzy Logic Model . . . . . . . . ... . . ... ... L . 24
3.2.3 Converting Azimuth to Polar Angle on the CCD (f1) . .. ... .. ... ... .... 24
3.2.4 Converting Altitude and Azimuth to Radial Distance on the CCD (f2) . . . . . . . .. 26

3.3 Example Application to Night Sky Live Data: Accuracy and Complexity . . . . . . .. .. .. 28
3.3.1 Computation ACCUTACY . . . « « v v v v it e e e e e e e e e e e e e 29
3.3.2 Computation Complexity . . . . . . . . . .. e 30

3.4 Conclusions . . . . . . o ot e e e e e 30
4 A Fuzzy Logic-based Algorithm for Cosmic-ray Hit Rejection From Single Images 35
4.1 Introduction . . . . . . . . . . L e e e 35
4.2 Manual Detection of Cosmic-ray Hits . . . . . . . .. . . ... ... 35
4.3 A Human Perception-based Fuzzy Logic Model . . . . ... ... ... ... ... ... .... 36
4.4 The Computation Process . . . . . . . . . . . 38
4.5 Using the fuzzy logicmodel . . . . . . . . .. .o 39
4.6 Performance of the Algorithm . . . . . . . . .. ... .. L 39
4.7 Conclusions . . . . . . . .. e e e e e 39
5 All-sky Relative Opacity Mapping Using Night Time Panoramic Images 43
5.1 Imtroduction . . . . . . . . . . e e 43
5.2 Canonical Image Database . . . . . . . . . . L 44
5.3 All-Sky Relative Opacity Maps . . . . . . . .. o oo o 44
5.4 System ACCUTACY . . .« o v v v v e e s e e e e e e e e e e e e e e e e 45
5.5 Implementation Using the Night Sky Live Network . . . . . .. .. ... ... .. ....... 46
5.6 Conclusions . . . . . . . . e e 47
6 Analysis of Meteor Trails Using the Night Sky Live Network of Panoramic CCD Cameras 53
6.1 Introduction . . . . . . . . . . e e 53
6.2 The Night Sky Live Network . . . . . . . . . .. . 53
6.3 Analysis of Meteor Trails . . . . . . . . . . o e 54
6.4 Estimated Error . . . . . . . . L 59



6.4.1 Estimated Error of the End of the Meteor Trail . . . . . . . . . . . .. .. ... .... 55

6.4.2 Estimated Error of the Start of the Meteor Trail . . . .. ... ... ... .. ..... 56
6.5 Meteor Light Curves . . . . . . . . . . i e e 57
6.6 Conclusions . . . . . . . . . e e e 57
Transient Detection Using Panoramic All-sky Cameras 63
7.1 Introduction . . . . . . . . . L e e e e e 63
7.2 Canonical Image Database . . . . . . . . .. . L 63
7.3 Transient Detection Using All-sky Images . . . . . . . . . . . ... . . ... 64
7.4 TImplementation and Preliminary Results . . . . . . . . .. .. ... .. L L. 64
7.5 Conclusion . . . . . . . . e e 65
Summary and Conclusions 71
8.1 Imtroduction . . . . . . . . . . . o . e e e e e e 71
8.2 Remote Station Software Design . . . . . . . . . .. .. 71
8.2.1 Cosmic Ray-Hit Rejection . . . . . . . . . .. . . o 72
8.2.2 Star Recognition . . . . . . . . . .. 72
8.2.3 Opacity Maps . . . . . . o i e e e e e e e e 72
8.2.4 Image Compression. . . . . . . . . . .. ... . 73
8.2.5 Transient Detection . . . . . . . . . . . . ... e 74
8.3 Server Side Software Design . . . . . . . . . . e 74
83.1 Web Server . . . . . . . 74
8.3.2 Transient Detection (server side) . . . . . . . . .. . ... o 74
8.3.3 Meteor Science . . . . . . . L e 75
84 Conclusions . . . . . . . . L 75



Chapter 1

Introduction

In the past few years, pipelines providing astronomical data have been becoming increasingly important.
The wide use of robotic telescopes has provided significant discoveries, and sky survey projects are now
considered among the premier projects in the field astronomy. In this paper we will concentrate on the
ground based missions, although future space based missions like Kepler (Borucki et al. 2003), SNAP (Smith
et al. 2003), and JWST (Clampin et al. 2003) will also create significant pipelines of astronomical data.

Pan-STARRS (Kaiser 2004), a 60 million dollar venture, is being built today and is expected to be
completed by 2006. Pan-STARRS will be composed of 4 telescopes pointing simultaneously at the same
region of the sky. Each telescope will be equipped with a 1.8 meter primary mirror and a CCD focal plane
mosaic with one billion pixels. With coverage of 6000 degrees® per night, Pan-STARRS is expected to
observe the entire available sky several times each month, looking for transients that include supernovas,
planetary eclipses, and asteroids that might pose a future threat to Earth. Similarly but on a larger scale,
ground-based LSST (Tyson 2002) is planned to use a powerful 8.4 meter robotic telescope that will cover
the entire sky every 10 days. LSST will cost $200M, be completed by 2012, and produce 13 terabytes per
night. Current sky survey projects include SDSS (Loveday 2003; York 2000), which uses a 2.5 meter robotic
telescope trying to map the entire visible universe. In addition, many smaller scale robotic telescopes are
being deployed and their number is growing rapidly.

However, in the modern age of increasing bandwidth, human identifications are many times impracticably
slow. Therefore, one can reasonably assume that many discoveries of significant scientific value are yet hidden
inside the huge databases provided by the deployment of robotic telescopes.

Useful automatic pipeline processing of astronomical images depends on accurate algorithmic decision
making. For previously identified objects, one of the first steps in computer-based analysis of astronomical
pictures is an association of each object with a known catalog entry. This necessary step enables such science
as automatically detected transients and automated photometry of stars. Since computing the topocentric
coordinates of a given known star at a given time is a simple and common task, transforming the celestial
topocentric coordinates to image (x,y) coordinates might provide the expected location of any star in the
frame. However, in many cases slight shifts in the orientation, inaccuracy of the optics or imperfections in
the CCD can make this seemingly simple task formidable.

Another essential step in astronomical pipelines is the removal of cosmic ray hits. Except from their
annoying presence in astronomical images, cosmic ray hits might be mistakenly detected as true astronomical
sources. Algorithms that analyze astronomical frames must ignore the peaks caused by cosmic ray hits, yet
without rejecting the peaks of the true astronomical sources. This problem becomes even more significant
in space-based telescopes located far from a planetary magnetic field (Offenberg et al. 1999).

A common problem in the field of astronomical pipelines is image compression. Astronomical images
consume a relatively large amount of space, and broad astronomical pipelines introduces the problem of
storage (Axelrod et al. 2004). Space-based missions, such as the million-miles-away JWST, face the problem
of bandwidth availability (Nieto-Santisteban et al. 1999). Therefore, the efficiency of astronomical pipelines
is, in some cases, dependent on image compression algorithms.

In this thesis we present several novel algorithms that provide solutions to some of the basic problems
of astronomical pipelines. The algorithms have been implemented and regularly used by the Night Sky Live
sky survey (Nemiroff & Rafert 1999), which incorporates all-sky cameras in some of the worlds premier
observatories. In Chapter 2 a lossy image compression algorithm that protects a user defined levels of pho-
tometric integrity is described. This algorithm can be used for compressing astronomical images using a
user-defined compression factor so that the size of the files can fit the available bandwidth or storage devices,
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yet without practically loosing photometric data. In Chapter 3 a fuzzy logic-based star detection algorithm
for wide-angle astronomical images is presented. This algorithm allows associating objects detected in an
astronomical image with known catalogued objects. By applying this algorithm photometric data of known
stars can be archived and analyzed. Chapter 4 discusses a fuzzy logic-based cosmic-ray hit rejection algo-
rithm. Cosmic-ray hits have a disturbing effect on astronomical images, and the rejection of the traces they
leave on the images is a well-known problem. Chapter 5 presents the generation of all-sky relative opacity
maps, which allows detecting even minor changes in the atmospheric opacity by using a pipeline of all-sky
astronomical images. In Chapter 6 a method of analysis of meteor trails using stereo fish-eye cameras is
described. The described technique allows deducing the 3D trajectory by using two fish-eye CCD cameras
located in two different places. Chapter 7 describes a mechanism that automatically detects transients in
panoramic all-sky pipelines. Chapter 8 provides a comprehensive description of the software system that
analyzes continuous astronomical data provided by all-sky fish-eye cameras.

*A part of this chapter was published in: Shamir, L., Nemiroff, R. J.; Using Fuzzy Logic for Automatic
Analysis of Astronomical Pipelines, Lecture Notes in Artificial Intelligence, Vol. 3614, pp. 634-637, 2005.
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Chapter 2

PHOTZIP: A Lossy FITS Image
Compression Algorithm that Protects
User-Defined Levels of Photometric
Integrity

Abstract: A lossy compression algorithm is presented for astronomical images that protects photometric integrity for
detected point sources at a user-defined level of statistical tolerance. PHOTZIP works by modeling, smoothing, and
then compressing the astronomical background behind self-detected point sources, while completely preserving values
in and around those sources. The algorithm also guaranties a maximum absolute difference (in terms of o) between
each compressed and original background pixel, allowing users to control quality and lossiness. For present purposes,
PHOTZIP has been tailored to FITS format and is freely available over the web. PHOTOZIP has been tested over
a broad range of astronomical imagery and is in routine use by the Night Sky Live (NSL) project for compression of
all-sky FITS images. Compression factors depend on source densities, but for the canonical NSL implementation, a
PHOTZIP (and subsequently GZIP or BZIP2) compressed file is typically 20% of its uncompressed size.

*This chapter was published in: Shamir, L., Nemiroff, R. J., 2005, The Astronomical Journal, Vol. 129(1), pp.
539-546.

2.1 Introduction

Astronomy research images are now almost exclusively digital. There is an increasing need to store these images
and to send them over the Internet. Average bandwidth and storage capacity, although increasing, continue to be a
bottleneck that frequently limits scientific exploitation of these images. Lossless compression of astronomical image
files therefore creates a clear advantage over non-compression since it increases effective storage and bandwidth and
so bolsters scientific utility. Lossy compression is more controversial, however, as the scientific value of the data lost
in the compressed images must be weighed against the scientific value of the data gained by the extra bandwidth and
storage space.

One of the premier scientific uses for astronomical images is photometry. Whether detecting the presence of, for
example, distant supernovae, Local Group microlensing, binary star variability, or planetary transits, the need for
photometric accuracy in astronomy images remains a primary objective for many astronomical research projects.

Frequently, the photometric value of an astronomical image is concentrated in the point sources in the image.
Conversely, the bulk of the image size is concentrated in the background behind these sources. When the number
of pixels taken up by sources is small compared to the number of pixels that compose the background, it becomes
possible to significantly compress the image size while preserving a certain level of photometric integrity.

While lossless compression algorithms preserve 100% of the signal, lossy algorithms can provide a better com-
pression factor while losing some of the signal (Press 1992; Fixsen et al. 2000; Watson 2002). However, lossy
compression algorithms tend to convolve science with art. Astronomy-specific lossy data compression algorithms are
not new, and many have been proposed and widely used (Pence 1994; Pence et al. 2000, 2002; White 1992; Press
1992). HCOMPRESS (White 1992) is a commonly used FITS compression program based on a two-dimentional Haar
wavelet transform. This compression program is fast and provides a relatively high compression factor. However,
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while providing the user control of the lossiness\compression tradeoff, HCOMPRESS provides a limited control over
the type of the signal that is lost in the compression \ decompression process.

The most similar compression approach to that discussed here is the insightful FITS compression program FITS-
PRESS (Press 1992). FITSPRESS is a wavelet based compression algorithm that has, among other things, sensitivity
to preserving the brightest image pixels.

Lossy compression (e.g. JPG, HCOMPRESS) tends to be controlled by parameters that have no scientific
or statistical meaning. In contrast, the PHOTZIP FITS compression algorithm provides the user control of the
preserved\lost signal in scientific terms. Like (Veran & Wright 1994), PHOTZIP should be used as a preprocessor to
multi-purpose lossless compression algorithms (e.g. LZW) and allows those algorithms a higher compression factor
by losing some of the signal, but ensures that only background information of the image will lose some of its signal.
The algorithm provides an interface which can be used in order to define, in terms of o, the criteria for a pixel to be
considered as background, and guarantees a user-defined maximum absolute difference (also in terms of o) for any
background pixel that loses signal. In Section 2 we describe the algorithm, in Section 3 we present ways to improve
the compression factor, in Section 4 we discuss photometric integrity and in Section 5 we discuss the performance of
the algorithm.

2.2 Lossy Compression That Preserves Bright Signals

Since a main purpose of our algorithm is to allow lossiness only for background pixels, the first stage of the algorithm
is to determine for every pixel in the frame whether or not it is a background pixel. For PHOTZIP, we achieve this
by using square window median filtering. The background value of each pixel is determined to be the median of the
values of all pixels within its window. Assuming that the bias is zero, the gain is 1 electron and the read noise is
negligible, we can compute o for each pixel by ¢ = y/Bq,y, where By 4 is the estimated background of the pixel at
coordinates (z,y).

The background computation stage can be summarized by the following algorithm:

1. for y < 1 to height do

2. for x < 1 to width do

3. B,y < median of Cp—s,y—s, Co—st1,y—s,
ey Cmfs,yfsﬂ—l, ey Cm+s,y+s

4. Oz,y =/ Bay

5. end for

6. end for

Cq,y is the value of the pixel at the coordinates (z,y), and B,y is the estimated background value of the pixel
at the coordinates (z,y). s is the half width size of the window. The nested loops in lines 1 and 2 make sure that the
background computation is done for every pixel. Therefore, every pixel in the frame is attached to the background
value that is the median of the pixels in the (25 + 1) x (2s + 1) window centered on (z,y). After the estimated back-
ground is computed for a pixel, the ¢ of that pixel is also computed by ¢ = \/Bz,y. In our current implementation,
PHOTZIP assumes a default half-width size of 10, although the user can specify any half-width size.

When an image has a great many pixels, a pixel-by-pixel median computation might turn into a computationally
expensive task. For an N x N frame we will need to compute the median value of N? square windows, where each
window has (2s+1) x (2s+ 1) pixels. For instance, for a 1024 x 1024 frame, when computing the background values
of the pixels using a windows with half width size of 10, The algorithm will need to compute 1,048,576 (1024 x 1024)
times a median of 441 (21 x 21) numbers. In order to reduce needed processing power, we chose to compute the
background value not for every pixel, but for windows of 5 x 5 in which the median value is computed only for the
“leader” pixel, which is the pixel at the center of the window. All other pixels in that 5 x 5 window are associated
with the same background value as their “leader”. Since backgrounds do not tend to drastically change over small
windows, we consider this technique as an acceptable approximation. In order to compute the median efficiently, we
use the common algorithm for finding a median in linear time described by (Corman et al. 1990).

Once the background value (and hence o) is determined for every pixel in the frame, the pixel values are quantized.
The quantization stage is affected by two parameters. The first, d, is the minimum brightness, in terms of o, of a
pixel such that every pixel that is less bright is classified as background. The second parameter, b, is the maximum
absolute difference, also in terms of ¢, that is allowed between a background pixel in the original image and the same
pixel in the compressed\decompressed image. The basic idea of the quantization is that a value of a certain pixel
(z,y) is quantized only if it is lower than B,y + d - 04,4, S0 the lossiness of the algorithm does not affect sufficiently
bright pixels. For every pixel (z,y) in the frame, we first check if it is brighter than B, , +d - 04, If the pixel meets
this criterion then it is not quantized and does not loose any of its signal.

The criteria for a pixel to be quantized is

Coy < Boy+d-0ay (2.1)
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The top-level algorithm for selecting the pixels that should be quantized is:

1. for y <= 1 to height do

2 for x < 1 to width do

3 if Cpy — Bz,y <d -0z, then

4. Ca,y + quantize(Cy,y, 0z,y,b)
5 end for

6. end for

In line 4, the subroutine quantize is called in order to perform the quantization of any pixel that does not meet
the criteria of line 3. The size of the quanta used is 2 - 211°82>7)  where b is a user-defined positive value (6> 0) such
that the maximum absolute difference between the value of the pixel in the original frame, and the value of the same
pixel in the compressed\decompressed frame cannot be greater than glloga bol,

The quantization algorithm is simply:

quantize (c,0,b)
1. quantum_size + 2 - 211982

2. quantized_value < quantum_size - Round(m)

bo]

3. return(quantized_value)

¢ is the pixel’s value and b is the maximum absolute difference (in terms of o) that is allowed between a pixel
in the original frame and the same pixel in the compressed\decompressed frame. Round is a function that rounds its
argument to the nearest integer. This quantization symmetrically increases or decreases pixel values. The interval of
each quantum is [quantized_value — ollog2 b0l oy antized value + 211982 b"’J]. Since ¢ is a value within this interval,
the absolute difference |c — quantized_value| can never be greater than 21°62%7! Since 2119620) < pg | the absolute
difference between a pixel value in the compressed\decompressed frame and the same pixel in the original frame can
not be greater than bo. It might seem that simple quanta at the size of 2bo can improve the compression factor
by providing larger quantum sizes, yet still comply with the maximum absolute difference criteria. However, since
o is different for every pixel, this might lead to a large variance in the quantum sizes and therefore severely reduce
the compression factor. For instance, suppose that we have two pixels with values of 97 and 99, and o of 9 and 10
respectively. Assuming b = 1, with quantum size of 2bo the first value, 97, will be quantized using quantum sizes
of 18 and the second value, 99, will be quantized using quantum sizes of 20. After the quantization process, the
values will be, therefore, 90 and 100 respectively. However, if using quantum size of gllog2b-ol+1 the quantization
of both values is done using the same quantum size (16 in this case). After the quantization process, the value of
both pixels will be 96, which increases the compression potential of pattern matching based compression algorithms.
The low variance of quantum sizes leads to smaller variance of quantized values, which is an important factor in the
performance of many multi-purpose compression algorithms. Examples of the differences in the compression factor
(using BZIP2 with PHOTZIP) when using quantum size of 2bo and quantum size of 2 - 211°82%9) are listed in the
following table:

d b s quantum size quantum size

2 . gllogabol 2bo
11 8 73.6% 64.2%
2 1 8 765% 66.1%
1 2 10 77.3% 67.0%

The file that was used for the samples is “ci040325ut005115p.fits” which is an unsigned integer FITS image of
size of 2102 KB. This file is discussed more thoroughly in Section 5.

The function guantize might fail when o is equal to zero. However, when o = 0, the condition stated in line 3 of
the top level algorithm cannot be satisfied and the function guantize is not invoked.

Since the quantization is symmetric, the mean of the pixel values should be preserved in the compressed \
decompressed frame. Assuming a normal distribution for the pixel values in the original frame, the median of the
original frame should be equal to the mean. As the mean is preserved, the median of the original frame can be taken
from the mean of the compressed \ decompressed frame.

Since the number of integers within each
[quantized_value — gllog2 b0l "oy antized_value + 211982 b"’J] quantum is odd, there is always one integer value that can
be quantized either up or down. A systematic policy that always quantizes these values in the same fashion (either
up or down) will cause a systematic bias to the mean. Thus, in order to avoid statistical biasing, the standard Round
function always rounds half integers to the nearest even integer (Wolfram 1999). Due to that behavior of Round, if
the quantized value is exactly in the center of the interval, it can either gain or lose value so that systematic bias is
avoided.
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2.3 Compressing Non-Astronomical Edges and Artifacts

In practice, image pixels might exist that are clearly non-astronomical and do not need to be preserved. One example
is the edge of a frame that is not exposed to the sky but dominated by other sources of noise. In some cases, pixels
such as these would not have a high pixel value, but since they are in a relatively dim area of the frame, their value
is high compared to their background. Pixel values of non-astronomical edges can sometimes have a high variance,
so some of the pixels can be significantly brighter than other pixels around them. Since o is determined by the
local background of each pixel, a low background value of a pixel leads to a low o, and a low o leads to a low do.
Given their low do, the algorithm would normally preserve the signal of pixels which do not have a high value by
meeting the Cg,y > Bg,y + 0s,yd criteria due to the extremely low value of their background. This might result in an
unnecessarily low compression factor. In order to allow a user to avoid this trap, we set another optional parameter
t that sets a threshold value for pixels that are allowed to lose signal. The threshold value is set by ¢ in terms of
the median value of the frame. For instance, if ¢ = 1.5 then any pixel with value less than 1% times the value of the
median pixel will not be required to preserve its value even if it meets the C;,y, > B,y + 04 ,yd criteria. Therefore, to
include this, line 3 of the top level algorithm presented in section 2 should be changed to:

3. if Cg;,y — Bz < d- Oz,y OT Cz,y <t (median of C1,1,C21,...,C1,2, ..., Cwidth,hez’ght) then

We found this parameter is very effective in compressing Night Sky Live (Nemiroff et al. 2005) FITS frames,
in which a significant portion of the frame is not directly exposed to the sky, and therefore consists of scattered low
values that have no scientific utility. If those areas were uniform, then no special action would need to be taken and
the pixel values would be naturally quantized.

2.4 Photometric Integrity

Many astronomical images are sparsely populated. When the number of pixels taken up by point sources is small
compared to the number of pixels that compose the background, it becomes possible to significantly compress the
image while preserving a useful level of photometric integrity. In this Section we estimate this level of photometric
integrity.

When symmetrically quantizing the background pixels, the mean of the pixel values is preserved in a level that
depends on the number of background pixels averaged. A high number of averaged pixels will lead to a low standard
€rror.

When a pixel value is quantized, the absolute difference between the pixel value in the original frame and the
pixel value in the compressed\decompressed frame is bound by gllog2b91 et A be the difference between the value
of a certain pixel (z,y) in the original frame and the value of the same pixel in the compressed\decompressed frame
such that:

A = Cy y—quantize(Cy,y, 0, b)
Let C be the mean of n pixel values in the compressed \ decompressed frame such that:

n n

0= - (C'_Ai) _ 1=, Ci g A

n n
So |E
pixel values.
Let g = 2U9825] Since the function quantize described in section 2 guaranties that the absolute difference |A| is
bound by ¢, A can be any value within the interval [—q, g]. Since A is uniformly distributed in the interval [—q, gq],
the expected value of A is zero, and the standard deviation of A is %.
stddev(A) = % (stddev(X) is defined as the standard deviation of a random variable X).
The variance of A is: y
var(A) = stddev?(A) = =
Let A be the absolute differences between the mean of the original values and mean of the quantized values of some
n plxels

| is the absolute difference between the mean of the original pixel values and the mean of the quantized

A= ZuimZi oy A

n
var(A) = var(zn AT) =y var(%) =3 ”‘”(ZA” = "'”“Q(A) — var(4)

i=1 i=1 n n n

UGT(A) __ pllogabo]
stddev(A) = \/var(A) = 4/ ==t

We can see that the most likely value of the difference between the mean of the original values and the mean of
the quantized values is zero. We can also see that the standard deviation of that difference decreases in an asymptot-
ically order, and approaches zero when n — oo. For instance, if we choose to use b = 1, the standard deviation of the

gllogg 1:0]

mean of 1600 pixels is equal to W’ which is smaller than 7 o In typical integer FITS frames, the standard

deviation in this case will usually be smaller than 1, which 1nd1cates that the mean of a group of many pixels in the
original frame will practically be equal to the mean of those pixels in the compressed\decompressed frame. Since
analysis of background pixels usually involves very many pixels, the mean will be only negligibly affected by the
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presented quantization.

This analysis is based on two assumptions mentioned above: 1. The mean of the difference between the original
values and the quantized values is zero, and 2. The distribution of the differences is approximately uniform. (Watson
2002) suggests that this is not necessarily true for quanta sizes greater than 20. Therefore, the algorithm can
guarantee the preservation of the mean only for values of b such that b < 1.

The same approach also applies to the sum:

Let So be sum of n pixels values in the original frame and S; be the sum of the n quantized pixel values in the
compressed \ decompressed frame.

So =3, Ci

Sq = E?:l (Ci—Ai) = E?:l Ci — E?:l Ai

g_g — Zi"=1 027 ?:1 A =1_ Z:l Ai
Zi:l Ci i1 G

N
Since the most likely value of A; is 0, the most likely value of Efilc is also 0. The standard deviation of the
i=1 ¢
expression S R
nzi=1 Gi

i=1 2\ _ n-stddev(A) _ gllega bl

stddeuv( Zy-l_i o ) = meeeens) = e
— " Cl

Where C = E%

For instance, when computing the sum of 1600 quantized pixels when ¢ = 1000 and b = 1, will provide g_g _

1 olloga 1.0 > 1 .

T /371600-1000 ~ 59000

Why not quantize all of the pixels, including the bright pixels of obvious point sources? The practical risk here is
that point sources so quantized might involve a small number of pixels and lead to a large error. For instance, if we

have only 5 bright object pixels which can be relied on for photometry of a certain astronomical object, the standard

gllogg beo]
V35

objects are usually the most interesting to science, the presented algorithm allows a user to completely preserve their

values through the quantization process. However, since signal loss due to noise might be greater than signal loss
due to the quantization process, a user might choose to set d to co in order to force the algorithm to quantize all the
pixels in the frame. This will increase the compression factor (examples are given in Section 5), but will also result
in additional signal loss. Even though the additional signal loss caused by the quantization can be smaller than the
signal loss already caused by the background noise, since those pixels are the most valuable for science we chose to
allow absolute preservation of their values. This also allows a user to use extreme values of b, while still preserving
the point spread functions of the sources. Quantizing the brightest pixels can not only change the raw sum of these
pixels, but also the point spread function. Note that the point spread function shapes can be useful for everything
from photometry to discerning cosmic-rays.

Also, in some case, the photometric brightness of a source can be estimated from the brightest source pixels
alone, after background subtraction. Such brightness measures are particularly useful when the background changes
significantly and unpredictably over the wings of the PSF. One project that uses such photometric measures is the
Night Sky Live project, which struggles against a ill-behaved sloping background and so records quantities like C1,
Cb, C9, etc., meaning the level of the brightest pixel, the average of the five brightest pixels, etc. Preserving the
brightest pixel values then specifically enables such photometry schemes.

Lastly, in cases of sub-pixel point spread functions, when only the single brightest pixel is measured, not preserving
the brightest pixel could lead to a loss of any signal of on the order of bo.

Concentrating again on the background, using a large number of pixels reduces the affect of the quantization
on the mean, so that the mean of the compressed \ decompressed frame should be practically equal to the mean
of the original frame. Assuming a normal distribution of the pixel values, the median of the original frame should
be equal to the mean of the original frame. Since the mean of the original frame is nearly preserved, the median
of the original frame can be equated to the mean of the compressed\decompressed frame. However, since the value
of the median pixel is changed, computing the median directly from the compressed\decompressed frame produces
a different value than the median of the original frame. Therefore, the median preservation is strongly subject to
the assumption of normal distribution of the pixel values. Practically, the number of pixel values involved in the
median computation is finite, and can actually be smaller than the quantum size. As the number of pixels involved
is smaller, the perturbation to the median is higher. In the worst case scenario, the perturbation can be bo. In
some cases, this perturbation may not easily avoided, but since b is user defined, a user can know and control the
maximum perturbation allowed for the median. Due to that perturbation, users of the compressed\decompressed
data might need to adjust their photometry algorithms accordingly. In order to avoid computing the background
using the median or mode, users might choose, for instance, to use the mean with outlier rejection.

A higher d quantizes more and brighter pixels. Therefore a lower d makes fainter objects peak above the quan-
tization and hence easier to detect in the compressed \ decompressed frame. However, a relatively high b might

deviation of the mean of the pixel values is , which might be ~ 0.26bo. Since the pixels of the astronomical
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also contribute to the lossiness of faint objects. For instance, when b = 1, faint objects with pixel values such that
Cz,y — B2,y < o might be completely gone from the compressed\decompressed frame. Therefore, one using the
algorithm should consider her expectations of photometry integrity and set the b and d parameters accordingly. We
believe that an advantage of our method is that it provides a guarantee on the lost signal in standard statistical
terms.

The local background estimation is particularly efficient when the ratio of the number of point source pixels to
background pixels is small. Additionally, the median filter window size (s) used for background computation should
be significantly larger than the point spread function of the astronomical sources. Yet, the median (or mean) is
sometimes not an optimal background estimation when the objects are large (Patat 2003). In astronomy, fortunately
for our PHOTZIP algorithm, variability is prevalent only among small objects always below the angular size of the
point-spread function.

A non-uniform unknown background is best determined locally. In pictures such as those taken by the Night Sky
Live project, the background is highly non-uniform and usually unpredictable, making a local background estimation
highly important. The local estimation also simplifies the usage of the algorithm, since one does not have to be
aware of the type of the background of the frame when applying the compression. Nevertheless, in cases a uniform
background is desired, the ¢t parameter describe in Section 3 can be set for that purpose.

2.5 Performance of the PHOTZIP Algorithm

PHOTZIP should be used along with a multi-purpose lossless compression utility such that the lossless utility is
applied after running PHOTZIP. We tested PHOTZIP with two common compression utilities: gzip, which is based
on Ziv & Lempel’s compression algorithm (Ziv & Lempel 1977), and bzip2, which is based on Burrows & Wheeler’s
algorithm (Burrows & Wheeler 1994). These algorithms, like others, are based on finding and compressing repet-
itive patterns in the data. Additionally, quantization of the signal increases redundancy and allows multi-purpose
compression algorithm a yet higher compression factor (Yang & Kieffer 1998).

The compression factor and the amount of lost signal determine the utility of the algorithm. In order to test
the algorithm, we used all-sky 1024 x 1024 FITS images used by Night Sky Live all-sky monitoring network that
deploys CONtinuous CAMeras (CONCAMs). We also tested FITS images taken by other optical instruments. In all
cases, the algorithm provided a significantly better compression factor then all popular multi-purpose compression
utilities alone. Table 2.1 below presents the affect of the d, b, s, t parameters on the performance of the algorithm
in terms of compression factor, and compares it to compression factors of common lossless compression programs.
The four rightmost columns are the compression factors when using PHOTZIP before applying gzip and bzip2, and
when using gzip or bzip2 without using PHOTZIP. The compression factor used here is the amount of data that was
compressed as a percentage of the size of the original frame.

Figure 2.1 depicts the image file ci040325ut005115p.fits, a typical FITS image from the NSL (Nemiroff et al. 2005)
project. The picture is available in FITS and JPG formats at http://www.NightSkyLive.net. The file n3166_lj.fits
and n3184_1j.fits were taken from the galaxy catalog at http://www.astro.princeton.edu/~frei/catalog.htm. The later
is shown as Figures 2.2 and 2.3.

As the maximum allowed absolute difference (b) increases, the compression factor is higher, but so is the signal loss.
Since the tested frames contained mostly background, like many astronomical images, the value of b has a substantial
affect on the compression factor. To test the utility of the b parameter, we set d to oo, effectively letting the algorithm
quantize all the pixels and therefore achieving a higher compression factor. Although a better compression factor can
be achieved, not using the d parameter can increase the bright signal loss as discussed in Section 2.4.

A higher ¢t parameter increases the compression factor, but this parameter should be used with extra caution
since it can also potentially cause signal loss of bright pixels. The s parameter normally does not have a significant
affect on the compression factor, but has some affect on the time required to compress an image.

2.6 Conclusions

When even a single pixel is quantized, photometry can be at least partially compromised. A background estimated
from the mean of surrounding pixels, however, will usually end up closer to the original background. We have shown
that using even as little as 1600 pixels for background estimation can reduce the background error in the mean of
the quantized pixels to below a single count. Practically, this means that the background estimation and hence
photometric measurements can be protected in the PHOTZIP compression\decompression process.

In sum, we present here a simple lossy compression algorithm for astronomical images. The main advantage
of this algorithm is that it can preserve the signal of bright pixels, while symmetrically losing signal only from the
background. The criteria for preserving a pixel’s value is user-defined (in terms of o), so the user can accurately
control the compression factor/signal loss trade-off. In addition, the algorithm guarantees a user-defined maximum
absolute difference (also in terms of o), so the user can control the amount of lost signal for those areas in the frame
that are not preserved. The algorithm was implemented and tested on unsigned 16-bit integer FITS images, but we
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File Name File Size d b s t photzip gzip photzip bzip2
+ gzip + bzip2
n31661r fits 204 KB 1 1 20 O 76.6%  50.3% 81.9% 60.1%
n31661r fits 204 KB 2 1 20 O 79.7%  50.3% 86.4% 60.1%
n3166 Ir.fits ! 204 KB 1 2 20 0 80.3%  50.3% 84.4% 60.1%
n3166 Ir.fits ! 204 KB 3 6 10 O 98.6%  50.3% 98.6% 60.1%
n3166 Ir.fits ! 204 KB 3 3 20 O 91.7%  50.3% 92.6% 60.1%
n31661r fits 204 KB 3 1 20 O 82.8%  50.3% 86.4% 60.1%
n31661r fits 204KB oo 1 20 O 84.0%  50.3% 87.9% 60.1%
n3166 1r fits 204KB oo 2 20 O 91.8%  50.3% 92.7% 60.1%
n3184 1j fits 204 KB 1 1 20 O 75.0%  50.5% 81.3% 55.5%
n3184 j fits ! 204 KB 3 1 20 O 82.8%  50.5% 87.1% 55.5%
€1040325ut005115p fits 2102KB 1 1 8 0 66.7%  38.1% 73.6% 54.1%
€1040325ut005115p fits 212KB oo 1 8 0 76.2%  38.1% 84.0% 54.1%
¢i040325ut005115p.fits!  2102KB 1 2 10 0 74.0%  38.1% 77.3% 54.1%
ci040325ut005115p.fits!  2102KB 2 3 10 0 82.6%  38.1% 86.9% 54.1%
ci040325ut005115p.fits!  2102KB 2 3 10 0.5 88.7%  38.1% 91.1% 54.1%
€1040325ut005115p fits 2102KB 3 1 10 0.5 78.5%  38.1% 84.8% 54.1%
€i040325ut005115p fits 212KB 3 1 10 O 73.4%  38.1% 81.8% 54.1%
ci040325ut005115p.fits!  2102KB 1 2 10 0.5 81.5%  38.1% 85.2% 54.1%
ci040325ut005115p.fits!  2102KB 1 3 10 0.5 87.4%  38.1% 89.2% 54.1%
i040325ut005115p.fits!  2102KB 1 3 10 0 79.1%  38.1% 86.9% 54.1%
ci040325ut005115p.fits!  2102KB 1 6 10 1.15 921% 38.1% 93.2% 54.1%
ci040325ut005115p.fits!  2102KB 3 6 10 1.15 94.9%  38.1% 95.1% 54.1%

Table 2.1: Compression Factor

believe that the same approach can be applied also to signed integer and floating point images. The algorithm was
tested on some typical astronomical 16-bit integer FITS images and appeared to be effective. PHOTZIP is now in
routine use on FITS data taken by the Night Sky Live project.
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Figure 2.1: ¢i040325ut005115p.fits: A Night Sky Live all-sky picture.http: www.NightSkyLive.net

20



Figure 2.2: n3166 1r.fits: A picture taken from the gala y catalog.
http: www.astro.princeton.edu frei catalog.htm.
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Figure 2.3: n3184 1j.fits: A picture taken from the gala y catalog.
http: www.astro.princeton.edu frei catalog.htm.
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Chapter

A Fu y Logic Based Algorithm For
Finding Astronomical Ob ects in
ide-Angle Frames

Abstract: Accurate automatic identification of astronomical objects in an imperfect world of non-linear wide-angle
optics, imperfect optics, inaccurately pointed telescopes, and defect-ridden cameras is not always a trivial first step.
In the past few years, this problem has been exacerbated by the rise of digital imaging, providing vast digital streams
of astronomical images and data. In the modern age of increasing bandwidth, human identifications are many times
impracticably slow. In order to perform an automatic computer-based analysis of astronomical frames, a quick and
accurate identification of astronomical objects is required. Such identification must follow a rigorous transformation
from topocentric celestial coordinates into image coordinates on a CCD frame. This paper presents a fuzzy logic
based algorithm that estimates needed coordinate transformations in a practical setting. Using a training set of
reference stars, the algorithm statically builds a fuzzy logic model. At runtime, the algorithm uses this model to as-
sociate stellar objects visible in the frames to known-catalogued objects, and generates files that contain photometry
information of objects visible in the frame. Use of this algorithm facilitates real-time monitoring of stars and bright
transients, allowing identifications and alerts to be issued more reliably. The algorithm is being implemented by the
Night Sky Live all-sky monitoring global network and has shown itself significantly more reliable than the previously
used non-fuzzy logic algorithm.

*This chapter was published in: Shamir, L., Nemiroff, R. J., 2005, Publication o the Astronomical ociety o
Australia, Vol. 22(2), pp. 111-117.

3.1 Introduction

Useful pipeline processing of astronomical images depends on accurate algorithmic decision making. For previously
identified objects, one of the first steps in computer-based analysis of astronomical pictures is an association of each
object with a known catalog entry. This necessary step enables such science as automatically detected transients
and automated photometry of stars. Since computing the topocentric coordinates of a given known star at a given
time is a simple and common task, transforming the celestial topocentric coordinates to image (z,y) coordinates
might provide the expected location of any star in the frame. However, in many cases slight shifts in the orientation,
inaccuracy of the optics or imperfections in the CCD can make this seemingly simple task formidable.

Fuzzy logic (Zadeg 1965; Zadeh 1978, 1983, 1994) is an extension of Boolean logic that is useful for making
complex decisions by computers. While in Boolean logic an item has only two levels of memberships to a set (false
or true; 0 or 1), fuzzy logic supports any value within the interval [0,1] as a level of membership of an item to a fuzzy
set. A fuzzy logic model consists of three different types of entities: fuzzy sets, fuzzy variables and fuzzy rules. The
membership of a fuzzy variable in a fuzzy set is determined by a function that produces values within the interval [0,1].
These functions are called membership unctions. Fuzzy variables are divided into two groups: antecedent variables
that contain the input data of the fuzzy logic model, and consequent variables that contain the results calculated by
the fuzzy logic model.

In this paper, we present a fuzzy logic based algorithm that transforms celestial coordinates into image coordinates
for even complex combinations of wide-angle non-linear optical distortions, slight optical imperfections, and small
unrecorded orientational perturbations. In Section 2 we describe the fuzzy logic algorithm, and in Section 3 we present
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and discuss a practical implementation of the algorithm for automatic analysis of an operational astronomical project
called “Night Sky Live” (Nemiroff et al. 2005).

3.2 u y Logic Based Coordinate Transformations

The transformation of celestial topocentric spherical sky coordinates to local Cartesian image coordinates can be
defined by a set of two functions. Mathematical conversion from right ascension, declination, latitude, longitude,
and local time to altitude and azimuth is straightforward. Further transformation of azimuth and altitude sky
coordinates to (z,y) image (CCD) coordinates is frequently harder in practice when faced with practical inaccuracies
of knowledge. For practical application of fuzzy logic, this later transformation is broken up into two parts:

(altitude,azimut ) — x (3.1)

(altitude,azimut ) — y (3.2)

On a CCD image, pixel locations can be specified in either Cartesian or polar coordinates. Let x ., be the z
coordinate (in pixels) of the zenith in the image, and y .» be the y coordinate of the zenith. z and y coordinates of
any given star visible in an astronomical image can be computed as follows:

T =% en +sin(an le) - distance (3.3)

Y =Y en + cos(an le) - distance (3.4)

Where an le is a polar azimuthal angle and distance is a polar radial distance.

In order to use these equations it is necessary to compute a polar distance and angle for given objects. Given the
observer’s latitude and longitude, this can be done by converting the celestial coordinates (azimuth and altitude) of
a given stellar object at a given time to the corresponding angle and distance in the image. Since the azimuth and
altitude of any given bright star or planet at any given time can be easily computed, the only missing link here is the
transformation of the altitude and azimuth to image coordinates, so the object can be found in the image.

Each of the two models is built based on manually identified reference stars. A reference star can be any star within
an image that was correctly associated with the corresponding stellar object. Being familiar with the night sky, we
can inspect the frame by eye and identify the stellar objects that appear in it. The image (z,%) coordinates of the
object can be taken from the peak of its point spread function (PSF). Each reference star provides a record with the
following fields: azimuth, altitude, angle, and distance.

Each identified star contributes an azimuth and altitude (by basic astronomy) and also an angle and distance (by
measurement from the image). These provide the raw data for constructing a mapping between the two, using the
fuzzy logic model that will be described later in the paper. In order to obtain an accurate fuzzy logic model that
calculates the angle, it is necessary to select reference stars that uniformly cover the entire image. This assures that
the calculation of one value will depend on reference points that are relatively close to it. This is also true for the
model that calculates the distance.

In order to transform celestial coordinates into image coordinates, two different fuzzy logic models are being built
based upon the two transformations:

1:azimut —> an le (3.5)
2 : altitude, azimut — distance (3.6)

Here, altitude, azimuth and angle are angular measures, while distance is measured in pixels. Each transformation
( 1 and ) is computed by a different fuzzy logic model, thus one model calculates the angle and the other calculates
the distance. The fuzzy logic model 1, which calculates the angle, is an approximation based on the assumption
that the optical axis is perfectly aligned, so the angle is not depended on the altitude.

The fuzzy logic model 1 has one antecedent (input) fuzzy variable and one consequent (output) fuzzy variable,
while the fuzzy logic model » has two antecedent variables (altitude,azimuth) and one consequent fuzzy variable.

The first model ( 1) is built according to the reference stars such that each reference star adds to the model one fuzzy
set and one fuzzy rule. Each fuzzy set is associated with a membership functions that is built in the form of a triangle
(Zadeg 1965). Each of these membership functions reaches its maximum at the reference value, and intersects with
the x-axis at the reference values of its neighboring reference stars. For instance, suppose we would like to build the
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fuzzy logic model with a data set that contains the following four reference stars:

azimut atitu e an e istance

0 0 0 Ro
1 1 Ry

2 2 2 Ry

3 3 3 R3

The first reference star maps azimuth 0 . Assuming 1 < 2 < 3, the membership functions that will be added
to the model are described in Figure 3.1.

Figure 3.1: The membership functions of the fuzzy sets ( to ) created by the four reference values

(Oa )5( 1 1)3( 2 2)5( ) )fOI‘ fl( t )

The membership of the fuzzy sets is determined by the following membership functions:
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r< gorz>360
(@)= mo—— (@— ) s <z <360
r< 3zorz>360
o to are the membership functions of the fuzzy sets Sp to S that were created according to the refer-

ence stars (the function ,, is the membership function of the fuzzy set S,,). The membership functions are built
such that almost all azimuth values belong (with non-zero membership) to two fuzzy sets. Only the points of maxi-
mum (0, 1, 2, 3,360) have a non-zero membership to just one set.

The defuzzification method used in this model is eighted average, which is an efficient defuzzification method
when the fuzzy logic model is built according to a set of signleton values ([Takagi & Sugeno 1983; Takagi & Sugeno



1985). Since eighted average is used, the consequent part of each rule is a crisp value and not a fuzzy set. Therefore,
the fuzzy rules that will be added to the model are:

So— o

S1 — 1

Sy — 2

S3 — 3

S — 360

For instance, suppose that the first three reference stars have azimuths of 0 , 10 , and 20 , and their polar angles are
3,12 , and 22 respectively, such that ¢ =0, o0=3, 1=10, 1 =12, 2 =20, and 2 =22 . Each refer-
ence star adds one fuzzy set to the model such that the membership functions of the first two fuzzy sets So, S1 are:

o(z) = 1—%-:1: 0<z<10
0 z<0orx>10

= 0<z<10
@)= 1-L.(z-10) 10<z<20
0 z<0orz>20

Each reference star also adds one fuzzy rule such that the first three fuzzy rules are:

So — 3

S1— 12

S —> 22

Now suppose that we want to use this model in order to compute the polar angle (in the image) of a stellar object

with an azimuth of 6 . The value 6 has a level of membership of 1 — %0 -6 = 0.4 to the fuzzy set So and %0 -6=0.6
to the fuzzy set Si. Since the level of membership of 6 to all other fuzzy sets is 0, the only rules that will have any
affect on the output of the computation are rules 0 and 1 above. Since the eighted average defuzzification method
is performed, the output of the computation is % = 8.4. This computation practically provides the same
results as a simple linear interpolation of the value 6 with the two closest neighboring reference stars.

Unlike the simpler ; model used for transforming the azimuth to angle, the computation of the distance (in pixels)
from (Z en, ¥y en) should be computed based on ¢ o parameters, which are the altitude and the azimuth. Using both
the altitude and azimuth allows the model to deal with asymmetric behavior of the optics as well as inaccurate
orientational information. In other words, using the assumption that the optics orientation is directly at the zenith
and the distortion of the optics and hardware is completely symmetric, a reference point at a certain azimuth would
allow calculating the distance of a point at the same altitude but at a different azimuth. However, this is not always
the case. For instance, a stellar object with the azimuth of 0 (north) and altitude of 30 can be at distance of
150 pixels from (Z en,¥y en), while another stellar object at the same altitude (30 ) but at azimuth of 60 will be
at distance of 155 pixels from (Z en,y en). Moreover, (T en,y en) does not necessarily appear in the center of the
frame, and the frame is not necessarily centralized. Therefore, when computing the distance of a stellar object from
(T eny ¥y en), it is required to take not only the altitude of the stellar object into considerations, but also the azimuth.
In order to do that, the fuzzy logic model that calculates the distance is built according to reference stars that not
only have different altitudes, but also different azimuths.

We build the » model that computes the distance using four different sets of reference stars such that each set
contains reference stars that share approximately the same azimuth. For the sake of simplicity, the first set contains
reference stars that are near azimuth 0 , the second set contains reference stars near azimuth 90 , and the other two
sets contain stars near azimuth of 180 and 270 respectively. L.e., all reference stars used for this model should be
fairly close to the azimuth of 0 , 90 , 180 or 270 . In order to use the four sets of reference stars, four new fuzzy
sets are added to the model. Those fuzzy sets are “North”,“East”, “South”, and “West”.

Fuzzy logic can be viewed as a complex interpolation method. In two dimensions, our fuzzy logic realization
allows 2 to perform the combined interpolation of linear and Gaussian functions in a straightforward fashion, and
to alter the model easily when needed. Note that this is quite different than four separate linear and/or Gaussian
interpolations for the four directions. The membership functions of the fuzzy sets are described in Figure 3.2.

The membership in the fuzzy sets is determined by the following Gaussian functions:

North: )
(z) = e 202 0<x<180

e 202 180 < = < 360

East:



_ e 27 0<z<270
(z)
= 02
e 202 270 < x < 360
South: ,
10
(q;) —e 202
‘West: ,
20
_ 2
(3}'): e 202 90<$S360
e 257 0<x<90

Where o is set to 45.
In this case, the level of membership for each of the four membership functions is always greater than zero, as
opposed to the 1 angle model where only two membership functions have a positive level of membership.

Building 2 model can be demonstrated by an example: Suppose the model is built based on the following 6
reference stars listed in Table 3.1.

As with 1, each reference star adds to the model one fuzzy set that has a triangle membership function. For
instance, the membership function of the fuzzy set added by Si reaches its maximum of unity at 68, and intersects
with the x-axis at the points of maximum of its neighboring reference stars. The neighboring stars are the two stars
that their altitudes are closest to the altitude of S; (such that one is greater than 68 and one is smaller than 68 ),
and have approximately the same azimuth as S;. In this example, one neighboring star would be S» and the other
would be Ss. All three stars share approximately the same azimuth (which is North). Therefore, the fuzzy set Alt
that will be added by S; will have a triangle membership function that reaches its maximum at 68, and intersects
with the x-axis at 62 and 72. This membership function is described in Figure 3.3.

The membership function added by S is:

o0 62 < z < 68
w6 (B)= 1-2% 8<r<72
0 r<62orx>T72
Since the azimuth of S; is approximately north, the fuzzy rule added to the model by S is:
Alt68N  North —» 215
This rule is more significant for stars that appear in the northern part of the sky (and in this case, also at an altitude
of around 68 ). The practical affect of this rule will be stronger as the coordinates are closer to the 68 parallel. The
fuzzy rules that will be added by the other reference stars are:




Al

Alt62N North — 224
Alt72N  North — 206
Alt62E  North — 188
Alt66E  North — 180
AIt70E  North — 172

Now suppose that we want to use this model in order to compute the distance (in pixels) of a stellar object with
an azimuth of 30 and altitude of 64 . The value 64 have a membership value of g :gg = % to the fuzzy set Alt
(that was added to the model by S1), and 1 — £=82 = 2 to the fuzzy set Alt 2 (that was added to the model by

6 —62
S2). Also, this value would have a membership value of $=%2 = (.5 to the fuzzy set added by S , and a membership

8=z = 0.5 to the fuzzy set added by Ss. The membership value of the azimuth 30 to the fuzzy set
2 0o 0?2

orthis e 2 2 0.8, and to the fuzzy set astitise 20 2 0.412. The membership values to the fuzzy sets

outh and  est are very close to 0 in this case, and therefore have very little effect on the output value. For the sake
of the simplicity of the example, these membership values are assumed to be exactly 0.

The computation process is based on product inferencing and eighted average defuzzification. Therefore, the

output value of the computation would be:
215:0 0333422 .0 066 41 00 120541 -0 1205  94g 47
0 -0333+0 066 +0 12:05+0 1205 :

value of 1 —

3.3 E ample Application to Night S y Live ata Accuracy and
Comple ity

The fuzzy logic based transformation formula has been tested and is in practical use with the Night Sky Live project
(NSL) (Nemiroff et al. 2005). Purposes of the global Night Sky Live (NSL) network of fisheye CONtinuous CAMeras
(CONCAMSs) include the ability to monitor and archive the entire bright night sky, track stellar variability, and
search for transients. Fully 2 steradians — half the sky — are monitored passively by each CONCAM, without
tracking. Currently, the NSL project deploys nine CONtinuous CAMeras (CONCAMs) at many of the world’s
premier observatories. When the Moon is down, CONCAMs take 180-second exposures every 236 seconds, and can
detect stars down to visual magnitude 6.8 near the image center.

The fuzzy logic based transformation formula is used by NSL for converting the celestial coordinates to image
coordinates, so known catalogued stellar objects can be associated with PSFs that appear in the Night Sky Live
frames. One simple task that is enabled by this transformation formula is the annotation of the all-sky images with
the names of bright stars, constellations and planets. This task is mostly used for educational or “cosmetic” purposes.
A more important task is the automatic detection of non-catalogued objects. This task is required for automatic
detection of meteors, comets, novae and supernovae, as well as other astronomical phenomena visible in the night
sky. The following algorithm uses the transformation formula in order to associate PSFs in the image to stellar objects.



1. function check _stars(image, date_time)

2. image_PSFs < GetPSFs(image)

3. for each image PSF _cords in image_PSFs do
4. begin

5. min_distance < oo

6. for each star in catalog do

7. star_celestial_cords <— CelestialCoordinates(star, date_time)

8. if InView(star_celestial_cords) then

9. image_cords < F(star_celestial_cords)

10. if distance(image_cords,image PSF _cords) < min_distance then
11. min_distance + distance(image_cords, image PSF _cords)
12. end if

13. end for

14. if min_distance < R NC then

15. associate(image_PSF _cords,star)

16. end for

The function transforms celestial coordinates to image coordinates based on the fuzzy logic models described
in this paper. The function etP s returns a list of coordinates of the PSF peaks that appear in the picture. This
function can be implemented by using some available algorithms for detection of sources from astronomical images
such as tractor (Bertin & Arnouts 1995). The function In e returns true if its argument coordinates are inside
the relevant view of the optical device. In the inner loop the algorithm searches the catalog for a star that should
appear closest to the center of the PSF. Since the hardware used for the Night Sky Live project currently cannot
get deeper than magnitude 6.8, the catalog being used is a subset of Hipparcos catalog (ESA 1997) that is sure to
include objects this bright. In line 14, the minimum distance found in the inner loop is compared with a constant
value T RA that is a tolerance value. Only if the distance is smaller than T RA then image_cords
and image_P  _cords are considered as referring to the same star.

In Figure 3.4 taken by the Mauna Kea CONCAM, the names of bright stars and constellations were annotated
automatically using the above transformation. The coordinates of one bright point (appears at the lower right of the
frame) could not be associated with any catalogued object so it was automatically marked with a yellow square. This
object is believed to be a meteor.

The present fuzzy-logic algorithms allow practically 100 percent chance of accurate identification for NSL stars
down to a magnitude of 5.6. We are currently unaware of any exceptions. A previously used NSL identification
algorithm that employed a straightforward analytic transformation was only accurate to about magnitude 3.5, al-
though that was somewhat dependent on the NSL station. This dramatic improvement was the driving impetus for
the creation of this paper.

A useful by-product of the newly accurate identifications is the automatic generation of photometry files. The
ability to associate each PSF with a cataloged star allows the system to provide continuous monitoring of many bright
stars. This information is provided in the form of text (XML tagged) files. Each frame produces one text file that lists
all PSFs that were detected in the frame and the name and catalogue number of the stellar object associated with
it. It also lists some additional data about each detected object such as the previously cataloged visual magnitude,
spectral type, and celestial coordinates. Identification allows other algorithms to process the frame and match each
star with real time photometric data such as estimated counts of the background and the counts of the PSF. For each
bright star, the average of the brightest 1, 5, 9, 16 and 25 pixels are listed. For dimmer stars, however, the realized
PSF is much smaller so only the average of the top five pixels is listed. The on-line database allows browsing the
records for past events. Since the photometry data itself is out of the scope of this paper, more information about it
can be found at (Nemiroff et al. 2005).

The inverse computation of the presented transformation formula (converting angle and distance to altitude and
azimuth) can be built in the same method described in this paper, with the exception of using the angle and distance
for defining the membership functions, while the azimuth and altitude are used as the crisp output values of the fuzzy
rules. This transformation formula is currently being used by NSL for computing 3D trajectories of meteors detected
by the twin CONCAMs located at Mauna Kea and Haleakala.

In order to check accuracy, the combined 1 and 2 models were used to compute the image coordinates of some
150 stars recorded by the NSL project (Nemiroff et al. 2005). The NSL project uses fisheye images with an extreme
viewable angle of 180 . For each pair of image (x,y) coordinates, we calculated the Euclidean distance from the
location calculated by the model and the location where the star appeared in the image. We took into considerations
the average of the 150 Euclidean distances (the average error) and the worst case error, which is the longest distance
among all computed 150 Euclidean distances. Table 3.2 below shows the accuracy levels according to the number of
reference stars that were used in order to build both fuzzy logic models (the altitude 2 model and the azimuth 1
model).



The complexity of the computation is a function of the number of fuzzy rules and fuzzy sets in the model, which, in
turn, is depended on the number of reference stars. The accuracy needed to identify stars unambiguously is depended
on the density of stars per pixel in the frame. Clearly, the higher the average star density, the greater the accuracy
needed to avoid confusion.

Experiments suggest that accuracy within five pixels will allow automatic analysis of ight ky ive frames. As
shown in Table 3.2, this can be achieved using a fuzzy logic model that is built with constant number of around 80
well spread out reference stars. Therefore, the final fuzzy logic model contains a constant number of around 80 rules
and around 160 fuzzy sets, so the theoretical complexity of the computation is O(1). Practically, the CPU time that
is required for the computation is negligible, and around 1000 coordinates are transformed in less than one second
by a system equipped with an Intel Pentium III processor at 850 MHZ and 128MB of RAM.

3.4 Conclusions

Inaccuracies of optics and hardware lead to non-trivial transformation formulae that are sometimes required for the
automatic analysis of the digital frames. A fuzzy logic based method does not achieve an exact solution to the problem,
but rather provides simple and maintainable transformation formulae with an accuracy that makes them more useful
in practice than previously attempted straightforward analytic transformations (based on the linear transformation
R = |, where R is the radial distance from  e¢n,Y en, is the altitude and is some constant). When applied
to the NSL project, the presented method is accurate enough to perform automatic processing of all-sky images in
order to associate PSFs in the frames with their corresponding stellar objects nearly 100 percent of the time down
to magnitude 5.6, and automatically detect non-catalogued bright objects. This technique demonstrates that it is
possible to use fuzzy logic based algorithms to reduce the affect of minor defects and inaccuracies of the optical
hardware and/or slightly inaccurate telescope orientation information. For NSL frames, only 80 reference stars are
required to build the fuzzy logic model so that automatic identifications do not form a computational bottleneck.
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