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• Lofar 2010     www.lofar.org

• VST-OMEGACAM 2011 www.astro.rug.nl/~omegacam

• GAIA 2012 
• ALMA  2013   www.eso.org/sci/facilities/alma

• EUCLID 2018
• LSST             30Tb/night    www.lsst.org

• SKA 2022       www.skatelescope.org
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Basics - timeBasics - time

Everything changes in time
• Physical changes
• Our inside in modeling
• Methods, code, bugs
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OmegaCAM  24% 
(~2500 GB)

VIRCAM  72%
(~7500 GB)

All Current Paranal
Instruments  4% (433.2 GB)

Paranal Monthly Data Rates 2007 statistics

Mark Neeser 
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VST - Virtual Survey TelescopeVST - Virtual Survey Telescope
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Centers – satellitesCenters – satellites

Brasil
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• Workflow
• What triggers a pipeline?

– Data items
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Sanity checksSanity checks

Quality controlQuality control
Calibration 
procedures
Calibration 
procedures

Image pipelineImage pipeline

Source pipelineSource pipeline
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Photometric pipelinePhotometric pipeline

Bias pipeline

Flatfield pipeline

Image pipeline

Source pipeline
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Target processing:
++ the make metaphor

Target processing:
++ the make metaphor

awe> targethot=HotPixelMap.get(date='2003-02-14', chip='A5382') 

The processing chain is

ReadNoise <-- Bias <-- HotPixels

 > class HotPixelMap(ProcessTarget): 
 > > def self.make()

 > class ProcessTarget():
 > > def get(date, chip)  # if not exist/up-to-date then make()
 > > def exist()              # does the target   exist? 
 > > def uptodate()        # is each dependency up to date?

                                    Fully recursive
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Persistency dbobjectPersistency dbobject

Class DBMeta # python<->db 
    def __new__   # makes any derived Class persistent

def __call__     # instantiate persistent object - attributes

Class DBObject:
 __metaclass__= DBMeta

object_id = persistent('The object identifier', oidtype)  #unique
 
# make it

example = DBObject() 
example.commit() 

# get it
oid = example.object_id 
result = DBObject(object_id = oid) 
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Persistency dataobjectPersistency dataobject

from astro.database.DBMain import DBObject, persistent

class DataObject(DBObject):
filename = persistent('File part of this object', 
str, '')

example =DataObject(pathname='example.txt')
example.store()
example.commit()

g = DataObject.filename.like('example*')
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Quality control- flagsQuality control- flags
• Quality flags

– System quality_flags (method verify)
– User is_valid  (method inspect by user) 

• 0 = bad
• 1 = OK
• 2 = Qualified - ready for delivery 

• Context - privileges
– 1 Mydb                   user_CalFile
– 2 Project, eg KIDS 

• Project favorite flag     project CalFile

– 3 AstroWise           Awe Calfile
– 4 World 
– 5 VO 
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• Distributed 
• Shared over the whole community
• web based
• OmegaCAM calibration plan
• OmegaCAM observing strategies
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Example 5LSExample 5LS

#Find ScienceFrames for a ccd named ccd53 and filter 

Awe> q = (ReducedScienceFrame.chip.name == 'ccd53‘) and 
(ReducedScienceFrame.filter == ‘#841’) 

# From the query result, get the rms of the sky in image 
Awe> x = [k.imstat.stdev for k in q] 

# get the rms of the used Masterflat
Awe> y = [k.flat.imstat.stdev for k in q] 

# Make a plot 
Awe> pylab.scatter(x,y) 
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the avalanchethe avalanche

• on-the fly re-processing for everything 
• 5LS: 5 Lines Script   Awe> prompt   Python
• Trend analysis         Awe > prompt
• All dependent bits are traced “tell_me_everything_tool
• Administration for parallel processing -compute GRID     

• Connect to EGEE - Grid

• Global solutions 
• astrometry/photometry

• Build–in workflow
• Fully user tunable – own provided script
• Context: projects/surveys, instruments, mydb
• Publish directly in EURO-VO
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Global Astrometry
reproducibility

27

Local solution Global solution
(Internal regrid-to-regrid residuals 
of one WFI N=4 dither)VO and Datamining
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+ WFCAM, LBC, ISAAC,   LOFAR,   VISTAVO and 
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Identifying z>5.8 QSO candidates
in CFHTLS+VIKING
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Extreme data lineage Extreme data lineage 

Comp. science journals
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Drop-outsDrop-outs

PhD Bout
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Query driven visualizationQuery driven visualization
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Central role dbCentral role db

• All I/O via db  ; metadata; sources
• Objects persistent in db
•  data server access via global filename 

(key) in db
• Security
• (parallel)processing
• Webservers
• Synchronized real time National Nodes
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Astro-Wise-tec april 
2010

Astro-WISE paradigmAstro-WISE paradigm

 “Classical”   paradigm
Forward chaining

 Target processing - Awe
Backward chaining

 waterfall model 
 TIER architecture

 User hunts upstream

 driven by input raw data  Driven by query of user 

 Process in pipeline
workflow

 Process in bits and pieces on the fly
Backward chaining

 Operators push data  User pulls data

 Results in releases  Provide information system

 Static archives – publish  Dynamic archives –publish Internet

 Raw data - obsolete  Raw data is sacred


	Virtual Observations and Data Mining in Astronomy
	E-science
	future
	Basics- Surveys
	Basics - time
	Slide 6
	Slide 7
	Astro-WISE information system – fully datacentric
	N params   N data back to basics 
	Slide 10
	Centers – satellites
	basics- pipelines
	 basics- Data Model / flow
	Basics  Astro-Wise Pipelines
	TARGET diagram 
	Target processing: ++ the make metaphor
	Persistency dbobject
	Persistency dataobject
	Quality control- flags
	Quality control
	Example 5LS
	the avalanche
	Slide 23
	QC - calibration scientist monitoring
	Web services Target processor
	Astro-WISE distributed Computing
	Slide 27
	Quality view (a)
	Quality view
	 
	Identifying z>5.8 QSO candidates in CFHTLS+VIKING
	Extreme data lineage 
	Drop-outs
	Query driven visualization
	Query driven visualisation
	Central role db
	Astro-WISE paradigm

