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Syllabus for the “Challenges” Lecture Series

Lecture 1: The Era of Big Data: How Large Surveys are Changing Astronomy

Lecture 2: Image Processing: Turning Petabytes of Data into Terabytes 

of Information

Lecture 3: Gone in 60 Seconds: The Challenges of Real-Time Astronomy

Lecture 4: Towards Optimal Data Reduction: Proper Statistics, 

Scalable Analysis, and Looking Towards the Next Big Project



• Large Surveys (and Why They’re Different)





Hipparchus of Rhodes (180-125 BC)

Discovered the precession of the 
equinoxes.

Measured the length of the year to ~6 
minutes.

In 129 BC, constructed one of the first 
star catalogs, containing about 850 
stars.

n.b.: also the one to blame for the magnitude system …



Galileo Galilei (1564-1642)

Researched a variety of topics in 
physics, but called out here for the 
introduction of the Galilean 
telescope.

Galileo’s telescope allowed us for the 
first time to zoom in on the cosmos, 
and study the individual objects in 
great detail.



The Astrophysics Two-Step

• Surveys

– Construct catalogs  and maps of objects in the sky. Focus on 

coarse classification and discovering targets for further follow-

up.

• Large telescopes

– Acquire detailed observations of a few representative objects. 

Understand the details of astrophysical processes that govern 

them, and extrapolate that understanding to the entire class.



Analogy: Google Search

Google’s index is a catalog of the Web. We 
use it to “zoom in” on individual entries to 
find out more.



It’s more than just a catalog of pointers – more and more, Google itself collects, processes, 
indexes, visualizes, and serves the actual information we need.

More and more often, our “research” begins and ends with Google!



Modern Large Astronomical Surveys 
are the Googles of the Sky

• There’s a close parallel with large surveys in astronomy, in scale, quality, 

and richness of the collected information

– Scale: We’re entering the era when we can catalog the entire sky

– Quality: Those catalogs will be as precise as the measurements taken with “pointed” 

observations (used to be ~5-10x worse)

– Richness (Complexity): Those catalogs contain not only positions and magnitudes, but 

also shapes, profiles, and temporal behavior of the objects.

• Quite often, the research begins and ends with the survey.

• This is what makes large surveys of today not just bigger, but different. 

They’re more than just “finding charts”.



Sloan Digital Sky Survey

2.5m telescope >14500 deg2 0.1� astrometry r<22.5 flux limit

5 band, better than 2%, photometry



Located at Apache Point Observatory in south 
east New Mexico.

Latitude 32° 46' 49.30" N
Longitude 105° 49' 13.50" W
Elevation 2788m



Observing With SDSS

The result? A catalog of object positions and properties.



1,231,051,050 rows (SDSS DR10, PhotoObjAll table)
~500 columns



Querying the SDSS Database: CasJobs

http://cas.sdss.org/



Example:

Get the positions and magnitudes 
of all stars within 1 degree of a = 341.6, d = 31.7



An SQL Query

SQL – Structured Query Language
A language for specifying and extracting subsets of 
data from large tabular databases.
Allows you to select only the data that satisfy a 
certain set of (possibly very complicated) 
restrictions that you specify



Result: A file with about ~70,000 rows, each one corresponding to one observation. 
Included are positions, magnitudes, etc.

How do I make sense out of these data?



Basic Data Analysis: A Color-Magnitude Diagram 
(CMD)

On the left is a “color-magnitude 
diagram (a CMD)”

Each dot represents measurements 
of one star. There are about ~70,000 

of them in this plot.

x axis: the difference of g-band and 
r-band magnitude.

y axis: the r-band magnitude.

g magnitude – r magnitude
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Basic Data Analysis: A Color-Magnitude Diagram 
(CMD)

On the left is a “color-magnitude 
diagram (a CMD)”

Each dot represents measurements 
of one star. There are about ~70,000 

of them in this plot.

x axis: the difference of g-band and 
r-band magnitude.

y axis: the r-band magnitude.
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Interpreting Stellar CMDs

M starsF stars

Hertzsprung-Russell Diagram
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Interpreting Stellar CMDs
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A CMD of a Globular Cluster

M3   
Left: Here is what a CMD looks like, of a 

group of stars that are all of the same age 
and at the same distance.



Interpreting “Field” CMDs

M3   

The CMD we constructed from of the SDSS database (left) looks nothing like the 
globular cluster CMD (right). 



Interpreting “Field” CMDs

M3   

They’re different because when we look at some pointing in the sky, 
not all stars we see will be at the same distance!



Now we’re ready! Let’s interpret what we see…

Disk K/M stars

Disk G/F stars

Halo stars

Closer

Farther

More
Luminous

Less
Luminous

M starsF stars

Disk Halo



Get the positions and magnitudes
of all stars within 1 degree of a = 341.6, d = 31.7

a = 115.2, d = 32.7



Color-Magnitude Diagram

Disk K/M stars

Disk G/F stars

Halo stars



Notice Anything Different…?
Field #1 Field #2



Notice Anything Different…?
Field #1 Field #2



Monoceros Stream (Newberg et al. 2002)



Learning about structures from CMDs

ð Monoceros stream stars are all 
at the same distance

Globular
cluster M3
(An et al. 2008)

Monoceros stream CMD



Learning about structures from CMDs
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The colors of Monoceros stream 
stars (the “turnoff color”) are
bluer than that of the disk

ð Mon. stars either have fewer 
metals, or are younger than disk 
stars (a consequence of stellar 
astrophysics)

Monoceros stream CMD

Learning about structures from CMDs



Monoceros Stream (Newberg et al. 2002)



Hmmm… How do I do this for the whole sky?

Ordinary Milky Way field Monoceros stream CMD







Sagittarius stream

Orphan Stream
(Belokurov et al. 2006)

Virgo Overdensity
(Juric et al. 2005, 2008)

Palomar 5



Field of Streams
Credit: Vasily Belokurov and the SDSS
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Let’s summarize what we just did

• First, we learned some indispensible astronomy (interpreting CMDs)

• Then, we:

– In less than 10 minutes, we “observed” two fields 120deg apart (~4 

months), to 22nd magnitude, in 5 bands

– We “reduced” and extinction-corrected the data (~70,000 stars/field) and 

analyzed it using color-magnitude plots

– We discovered a main sequence feature in one of the streams at distance 

around 11.5kpc, likely metal poor

– We then proceeded to discover three more streams over the whole sky

• 15 years ago, this would have been a multi-night observing proposal for 

top telescopes in the world. The challenge is obtaining the data.

• Today it’s an SQL query – the data is already there, the challenge is 
to ask the right question and have the know-how & tools to answer it!
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Astronomy in the Age of Large Surveys

− Traditionally, astronomy was a data-starved science. Our approach to 
research and our analysis methods were shaped by this environment. 
Surveys are altering it; data is becoming abundant and of unprecedented 
quality.



Sloan Digital Sky Survey

2.5m telescope >14500 deg2 0.1� astrometry r<22.5 flux limit

5 band, 2%, photometry for >460M objects
Millions of spectra

10 years of ops: ~10 TB of imaging



SDSS DR6 Imaging Sky Coverage
(Adelman-McCarthy et al. 2008)

Panoramic Survey Telescope and Rapid Response System

1.8m telescope 30,000 deg2 50mas astrometry r<23 flux limit

5 band, better than 1% photometry (goal)

~700 GB/night
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LSST: A Deep, Wide, Fast, Optical Sky Survey

8.4m telescope 18000+ deg2 10mas astrom. r<24.5 (<27.5@10yr)

ugrizy 0.5-1% photometry

3.2Gpix camera 30sec exp/4sec rd 15TB/night 37 B objects

Imaging the visible sky, once every 3 days, for 10 years (825 revisits)
Alerts public, other data proprietary for two years, delivered in bulk afterwards.





LSST Site, April 14th 2015 



LSST Site, May 2018



First Light: 2020



LSST Telescope
8.4m, 6.7m effective

5 sec slew &
settle



Telescope and Mount Assembly @ Asturfeito in Spain

http://www.asturfeito.com/




The largest astronomical camera: 2800 kg, 3.2 Gpix

LSST Camera



Almost there!



SDSS vs. LSST comparison: LSST=d(SDSS)/dt, LSST=SuperSDSS

SDSS

Deep Lens Survey (r~26)

3x3 arcmin, gri

SDSS, seeing 1.5 arcsec

20x20 arcsec; lensed SDSS quasar                  
(SDSS J1332+0347, Morokuma et al. 2007)

20x20 arcsec

Subaru, seeing 0.8 arcsec

3 arcmin 
is 1/10
of the full 
Moon’s 

diameter

(almost) 
like LSST 

depth (but 
tiny area)



140K cores
380 PB disk space

LSST Computing: A small supercomputer facility (1.8 
PFlops)
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LSST Data Products

− A stream of ~10 million time-domain events per night, detected and 
transmitted to event distribution networks within 60 seconds of 
observation.

− A catalog of orbits for ~6 million bodies in the Solar System.

− A catalog of ~37 billion objects (20B galaxies, 17B stars), ~7 trillion 
observations (“sources”), and ~30 trillion measurements (“forced 
sources”), produced annually, accessible through online databases.

− Reduced single-epoch, deep co-added images.

− User-produced added-value data products (deep KBO/NEO catalogs, 
variable star classifications, shear maps, …) User 

generated
Prom

pt
Data Rel.

For more details, see the “Data Products Definition Document”, http://ls.st/lse-163

http://ls.st/lse-163
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Doing Astronomy in the Age of Large Surveys

− Traditionally, astronomy was a data-starved science. Our approach to 
research and our analysis methods were shaped by this environment. 
Surveys are altering it; data is becoming abundant and of unprecedented 
quality.

− Upcoming surveys will cap this transformation. For example, the LSST will 
deliver the positions, magnitudes and variability information for virtually 
everything in the southern sky to 24th-27th magnitude, with an order of 
magnitude better controlled systematics than current surveys.

− We’re entering the age of abundance of high quality data. Success in 
research will depend on the ability to analyze and mine knowledge from 
that data.
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Preparing for the Era of Data Abundance in 
Astronomy
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Approaching Survey Science

1. Your primary challenge is NOT to (manually) analyze or search the data
• The challenge is to “teach” the computer to do it for you; to develop and apply 

algorithms, analysis methods, and tools. Will be especially true early on.
• This will require broad understanding of statistics, CS, applied math, etc.
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Example: The Science Enabled by LSST

− Time domain science 
• Nova, supernova, GRBs
• Source characterization 
• Instantaneous discovery 

− Finding moving sources
• Asteroids and comets
• Proper motions of stars

− Mapping the Milky Way
• Tidal streams
• Galactic structure

− Dark energy and dark matter
• Gravitational lensing
• Slight distortion in shape
• Trace the nature of dark energy

How does one do research when faced 
with trillions of catalog entries, and 
potentially millions of measurements for 
each class of objects?
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Getting to the Science Enabled by LSST

− Finding the unusual 
• Anomaly detection
• Dimensionality reduction
• Cross-matching data

− Finding moving sources
• Tracking algorithms
• Kalman filters

− Mapping the Milky Way
• Density estimation
• Clustering (n-tuples)

− Dark energy and dark matter
• Computer vision
• Weak Classifiers
• High-D Model fitting

To take advantage of LSST, Euclid, SKA, and 
large surveys in general, the next generation 
of students will grow up with terms such as 
these.
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Approaching Survey Science

1. Your primary challenge is NOT to (manually) analyze or search the data
• The challenge is to get the computer to do it for you; to develop and apply 

algorithms, analysis methods, and tools. Will be especially true early on.
• This will require broad understanding of statistics, CS, applied math, etc.

2. Programming (data science) is now a skill as essential as math
• Otherwise, it’s difficult-to-impossible to formulate complex ideas in ways 

computers can understand. Or the data will be left unanalyzed.
• Corollary: we as a community MUST take it seriously and teach it, instead of 

relying on students to pick it up on their own.
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A Survey Astronomer’s Bookshelf

Computer science 
and programming

Probability/Information 
theory and data analysis

Astron. &
Astrophysics

Future 
surveys
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Approaching Survey Science

1. Your primary challenge is NOT to (manually) analyze or search the data
• The challenge is to get the computer to do it for you; to develop and apply 

algorithms, analysis methods, and tools. Will be especially true early on.
• This will require broad understanding of statistics, CS, applied math, etc.

2. Programming (data science) is now a skill as essential as math
• Otherwise, it’s difficult-to-impossible to formulate complex ideas in ways 

computers can understand. Or the data will be left unanalyzed.
• Corollary: we as a community MUST take it seriously and teach it, instead of 

relying on students to pick it up on their own.

3. More research in astronomy is becoming data-driven
• Established: “What data do I have to collect to (dis)prove a hypothesis”?
• Data-driven: “What theories can I test given the data I already have?”
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Why is this school timely?

https://www.lsst.org/about/timeline

We are here

First Light w. 
Commisioning Camera

First Light w. Full Camera
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Last Words

BE PRACTICAL: 

THE SIMPLEST METHOD THAT GETS THE JOB
DONE WILL DO JUST FINE.
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Next in this series

Lecture 1: The Next Decade: Entering the Era of Petascale Astronomy

Lecture 2: Image Processing: Turning Petabytes of Data into Terabytes 
of Information

Lecture 3: Gone in 60 Seconds: The Challenges of Real-Time Astronomy

Lecture 4: Towards Optimal Data Reduction: Proper Statistics, 
Scalable Analysis, and Looking Towards the Next Big Project


