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Handling the Dark Energy Survey 

1.  Processing 
2.  VisualizaCon  
3.  Analysis 

4.  Machine Learning 



DES is a wide and deep photometric 
survey 

Blanco 4‐meter at CTIO 

I.Sevilla Handling DES – Tools for Astronomical Big Data 



0 

500 

1000 

1500 

2000 

2500 

3000 

Collected 
Raw Data 

(TB) 

Processed 
Data (TB) 

Catalog 
Data (TB) 

CPU hours 
(10 khours) 

2015 

2019 



PROCESSING 

D. Petravick, DESDM (NCSA) see R.Gruendl’s talk at DECam workshop 
I.S. et al. arXiv:1109.6741; J.Mohr et al. arXiv:1207.3189  

DES is being processed using a variety of 
resources 



Image verificaCon is crowdsourced to 
CollaboraCon  

VISUALIZING 

P. Melchior (OSU) (peter.m.melchior@gmail.com) 
 E. Sheldon (BNL), A. Drlica‐Wagner (Fermilab)  

1.  Addi4onal QA of 
single‐epoch 
images 

2.  Scien4sts get 
acquainted with 
characteris4cs of 
instrument. 

3.  Possible science 
cases could 
benefit directly 



VISUALIZING 

ScienCsts classify arCfacts in pre‐defined 
categories 

P. Melchior (OSU) (peter.m.melchior@gmail.com) 
 E. Sheldon (BNL), A. Drlica‐Wagner (Fermilab)  



VISUALIZING 

ScienCsts classify arCfacts in pre‐defined 
categories 

P. Melchior (OSU) (peter.m.melchior@gmail.com) 
 E. Sheldon (BNL), A. Drlica‐Wagner (Fermilab)  



StaCsCcs are compiled, data fed back to 
DESDM 

VISUALIZING 

•  API for power‐users to 
interact with ar4fact DB 

•  FAQ and wiki/forum 

•  Cross‐valida4on between 
users 

P. Melchior (OSU) (peter.m.melchior@gmail.com) 
 E. Sheldon (BNL), A. Drlica‐Wagner (Fermilab)  



The project’s Science Portal provides higher‐
level QA, value added catalogs 

VISUALIZING 

L. da Costa (ldacosta@on.br ) 
A.FausC, R.Ogando++ Observatório Nacional (Rio, Brazil) 



Different datasets can be overlaid and 
linked 

VISUALIZING 

L. da Costa (ldacosta@on.br ) 
A.FausC, R.Ogando++ Observatório Nacional (Rio, Brazil) 



Coadds can be inspected and combined 

VISUALIZING 

L. da Costa (ldacosta@on.br ) 
A.FausC, R.Ogando++ Observatório Nacional (Rio, Brazil) 



Cutouts can be created with an uploaded 
catalog 

VISUALIZING 

L. da Costa (ldacosta@on.br ) 
A.FausC, R.Ogando++ Observatório Nacional (Rio, Brazil) 



ScienCsts can query the database, store 
the user‐defined catalogs  

VISUALIZING 

L. da Costa (ldacosta@on.br ) 
A.FausC, R.Ogando++ Observatório Nacional (Rio, Brazil) 



The catalogs are overlaid on the images 

VISUALIZING 

L. da Costa (ldacosta@on.br ) 
A.FausC, R.Ogando++ Observatório Nacional (Rio, Brazil) 



Enabling usage of distributed resources 

ANALYZING 

Enable machine‐independent, easy‐to‐use and robust analysis: 
•  Ease of deployment 
•  Making possible the use of other resources 
•  FacilitaCng scalability  
R. Brunner (professor.brunner@gmail.com) 
M. Turk, D.Petravick (UIUC/NCSA) 



A key new ingredient of DES is its 
heavy use of simulaCons 
•  N‐body + galaxy sims: TesCng analysis codes  

building pipelines, quanCfying staCsCcal/
systemaCc errors. 

•  Factors of ~few for the catalogs and CPU hours. 

•  Resource availability impediments.  

ANALYZING 
SLAC; MICE CollaboraCon; F.Sobreira et al. (Observátorio Nacional) 

hTp://cosmohub.pic.es 



A key new ingredient of DES is its 
heavy use of simulaCons 

•  Full image simulaCons: TesCng DESDM pipeline, lower‐
level (pixel) systemaCcs. 

ANALYZING 

C.Chang et al. (2014) ; UFIG Bergé et al. (2013); 
 previous SW by DESDM+Fermilab, S.Desai et al. (2012) 



EsCmaCng cosmological parameters from galaxy 
posiCons/shapes require costly N‐point correlaCons 

R.Ponce, I.S. et al. (2012) arXiv:1204.6630 
M.Cárdenas‐Montes, I.S. et al. (2014) 
(CIEMAT) 

M.Cárdenas et al. R.Ponce et al. (2012) 

GPU models  MPI:  64    128     256     512 

Full two‐point computaCon can be 
achieved in reasonable Cmes using 
GPUs. 400 s 

300 s 

200 s 

100 s 
nsevilla@gmail.com 
github.com/nsevilla/pointpoint 
github.com/nsevilla/shearshear 

ANALYZING 



ANALYZING 
V. Reverdy, UIUC (vince.rev@gmail.com) 

Very commonly‐used alternaCve is 
adapCve mesh refinement through 
kd‐trees (Moore 2001). 

Speeds can be enhanced by efficient 
management  of cache memory and 
tree creaCon through arrays. 

EsCmaCng cosmological parameters from galaxy 
posiCons/shapes require costly N‐point correlaCons 



Machine Learning for cosmology 

MACHINE LEARNING 

I.S., P.Etayo‐Sotos (2015) 

•  Photometric redshiqs 

•  Object classificaCon 

•  ArCfact idenCficaCon 

•  Transient search 
Parallel Coordinates plots for high‐dimensional plots 

4D 7D representaCon 
Classifier input features  Impurity in   7 bins of mag 



Machine Learning for cosmology 

MACHINE LEARNING 

D. Goldstein et al. (UCBerkeley) in prep. (dgold@berkeley.edu)  

•  Photometric redshiqs 

•  Object classificaCon 

•  ArCfact idenCficaCon 

•  Transient search 



The inevitable collaboration slide 
Fermilab, UIUC/NCSA, University of Chicago, 
LBNL, NOAO, University of Michigan, University of 
Pennsylvania, Argonne NaConal Laboratory, Ohio State 
University, Santa‐Cruz/SLAC/Stanford ConsorCum, Texas 
A&M University 

200+ scienCsts 
25+ insCtuCons 

Observatorio Nacional, CBPF,Universidade 
Federal do Rio de Janeiro, Universidade Federal 
do Rio Grande do Sul 

Brazil ConsorCum: 

UK ConsorCum: 
UCL, Cambridge, Edinburgh, 
Portsmouth, Sussex, Notngham 

Spain ConsorCum: 
CIEMAT, ICE (IEEC/CSIC), IFAE 

CTIO 

Universitäts‐Sternwarte 
 München  

ETH ‐ Zurich 

I.Sevilla Handling DES – Tools for Astronomical Big Data 

•  Big CollaboraCons  Big Data problem too 
•  Coping with mulCtude of use cases, data 

access modes (occasional vs power users – 
‘proxies’) 

•  Eliminate overheads for scienCsts to 
exploit the data fully 



DES is about the most robust measurement of 
dark energy and an extraordinary legacy  

But also about preparing for next genera4on surveys. 

•  DESDM@NCSA performing excepConally with heterogeneous 
resources. 

•  Lots of smart people doing interesCng developments. 
•  SimulaCons are a big player. 

•  Data storage, resource availability (queue throughput) 
important technical issues. 

•  People/site management are part of Big Data. 

Image credit: B.Nord 

I.Sevilla Handling 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– 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for Astronomical Big Data 


