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Lessons Learned converting 20TB images into catalogs  
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Since this meeting is about tools…

Data Management Stack 
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LSST Data Processing pixels à catalogs

•  LSST Data Management processes data two ways:

1.  Real-time alert stream:  Support science cases requiring rapid 
identification and follow-up (transients, fast-moving NEOs) 

2.  Annual Data Release Productions:  Support deep static-sky 
science and statistical studies of variability.

•  Run prototype code on simulated images and real data to test:

o  Accuracy

o  Scalability
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20 TB Images to lightcurves and colors
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Algorithmic pipeline converts images to flux measurements
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XSEDE is not just for High Performance Computing

Requested:
200,000 CPU-hours on Lonestar
118TB on Shared Disk
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Takeaways from running pipeline on XSEDE

•  Very simple allocation request process. 

•  Service was fantastic.  Tickets responded to within hours.

Lessons Learned:

•  Remember to copy the code to the individual nodes

•  Expect to tweak configuration of any centralized resources

•  Expect to be surprised Centralized database for example: 
max_connections=500 à 1000 
open-files-limit=4096 à 16364 
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Transform 8 billion measurements to colors and lightcurves

Forced Phot. 
 
(Uncalibrated  
PSF-Fluxes) 

Calibration 
 
(Zeropoint 
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MySQL (mysiam) on 8 billion rows (3.5TB)

•  Partitioned by filter (ugriz) each with 1.7B rows

Lessons Learned:

•  Intuition from one tool does not necessarily apply to another

•  RDMS still appropriate for this task, but use smaller partitions

Ingest: 17 h Enable Keys: 
9+ h 

Join:  
4 h 
 

So, you want to add an 
index?:  17 h 

Index Joined 
table: ?h  
 

One day
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Industrial Big Data Tools?
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Keep an eye out for new interfaces

DataFrame 
1.3.0 release “early March” 

SparklingPandas 

Credit: databricks.com
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Lightcurves/colors to Science
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Goal: Measure z~4 quasar luminosity function 20 < i < 22.5
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Forced photometry enables variability studies down to 
detection limit

Less biased averages 
near the detection limit 

Year 1  2     3          4          5        6        7         8       9        10 
             

More complete 
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One Square Degree at i ~22 has…

104 galaxies / sq. deg / 0.5mag
103 stars
1 z~4 quasar
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To make this QLF measurement we need:

1)  Automated selection from 10 million objects

2)  Estimation of the selection function 
o  (disconnect between astronomy and machine learning community)

C
om

pl
et

en
es

s/
Ef

fic
ie

nc
y

✔ 



Page 23 Yusra AlSayyad – Tools for Astronomical Big Data – March 10, 2015 

Feature Engineering: variables to characterize lightcurves

•  Damped Random Walk CAR(1) model: 

-  MacLeod+ 2011;  

-  Butler & Bloom 2011;  

-  Choi+ 2014 (extended AGN) 

•  Structure Function Slope

-  Schmidt+ 2010; 

-  Palanque-Delabrouille+ 2011;

-  Peters+ in prep (see poster!)
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Tool to featurize lightcurves:

Meant to be more R-like and 
bring DataFrames to python:

Joins

User defined aggregate 
functions!
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Build the Training Set

•  To build the training set we cross-matched the point source 
catalog with spectroscopically confirmed quasars from: 

o   BOSS DR12 Quasar Catalog (in prep.)

o   Jiang et al. (2006, 2008)

o  McGreer et al. (2013)

o  2dF-SDSS LRG and QSO Survey (2SLAQ; Croom et al. 2008)

o   Palanque-Delabrouille et al. (2012) 
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Important that your training set looks like data
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…so we took spectra of fainter z~4 quasars

Doubled the known 
z~4 quasars i > 21 
On Stripe 82 
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Preliminary Classifier Performance

•  Colors AND variability

•  For illustration:
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Simulated quasar spectra from McGreer (in prep) Time-scales for brighter quasars (blue) 
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Preliminary Classifier Performance

Variability and Colors 
Separately

Variability and Colors 
Simultaneously

AUC = 0.970+/- 0.001 AUC = 0.998+/- 0.001

Variability-only classifier for color-selected objects. 
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Work in Progress and Questions

•  Expecting the photometric sample to be large enough for 
clustering measurement at z~4

•  Estimating the selection function w/ model spectra and 
lightcurves.

•   Are median colors and variability parameters independent?

o  Need to model varying spectra?

•  Can we train classifier with the model/simulated colors and 
lightcurves?
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Finally

•  LSST DM Stack is open source:  http://dm.lsst.org

•  Thank you
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