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SUMMARY OF THE TALK
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• Astronomical and biomedical imaging
• Why distributed computing is needed
• Some applications in the DAME web application framework
• Issues to be solved for the porting to bio medical applications• Issues to be solved for the porting to bio-medical applications



• 2000 Euro-VO and NVO
• 2000 COST iAstro – Computational Infrastructures in the Astronomical Data Grid
• 2003 IVOA (definition of standards)
• 2003 Opticon
• 2006 VO-Tech – VO Technological Infrastructures (federation of data, 
interoperability, ontologies, integration of theoretical data with observed ones)
• 2008 VO AIDA – VO Astronomical Interoperable Access to Data (formation and 
fine tuning)



Why an astronomer is here……

A i l i iAstronomical images processing

• Large amount of archival data (many PBytes) distributed over three

s

continents federated and interoperable (IVOA standards) 
• Need to federate heterogeneous data (textual, tables, images) etc.
• Services to be accessed by a large community
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• Heterogeneous data; proprietary (restricted access) and public data 
• Real time processing requirement, large number of operations per pixel
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Issues

• Need for the user to upload (in databases and to the pipeline storage) 
proprietary data
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proprietary data
• Need to keep, update and access distributed archives
• Both amount of data and number of users impose automatic image

processing methodsprocessing methods

DAME (Data Mining and Exploration) 
a joint venture of S.Co.P.E. and Caltechj

To offer as web applications a wide collection of
DM and DE methods and toos

(running on the GRID) to the scientific community 



DAME: project requirementsDAME: project requirements
http://dame.na.infn.it/

s 1. Fully modular
2. Simple tasks are run on server
3. Computing intensive algorithms run on the GRID without need for
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personal certificates
4. NB: must not depend on the computing infrastructure: GRID, 

Cloud, etc.) where it is deployed. 
5 Minimal data transfer (VO space = storage element)In
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5. Minimal data transfer (VO-space = storage element)
6. Possibility to build specific workflows and to insert user’s modules

as plug-in’s
7 Advanced visualization capabilities (comsumed as web services)
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7. Advanced visualization capabilities (comsumed as web services)
8. Each module must be consumable as web service
9. Plastification for software interoperability
10 Security requirements10.Security requirements

11.USER FRIENDLINESS!!!! (tutorials, on line manuals, high level
technical docs, template use cases, etc…). USERS ARE NOTtechnical docs, template use cases, etc…). USERS ARE NOT 
EXPERTS IN MATHEMATICS; COMPUTER SCIENCE; ETC)
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…….
DB1 DB2 DB3 DBn

VObs Local
HDHD

DAME Front-end

VO 
SPace

SE/VOS DAME frame orkSE/VOS DAME framework

NEXT-II SVM MLPs SOM MnDAME-DMM

Results/Visualization



Visualization through WEB services (STILTS, VISIVOserver, etc) 



NExt: Neural Extractor
Read image

Creation of stamps

NEXt-IImultiscale S_extr

Creation of stamps

wrapper

GRID LAUNCHER

Local
HD

Computing GRID, 
Cloud or whatever

HD

VOS/SE



A little history:
NEXt was conceived for the segmentation of astronomical images in 
signal/background pixels

• Astronomical images are highly anysotropic with low S/N ratio
• Modern Digital surveys produce volumes of data in the Pbyte domain 

( … larger than most biomedical images archives)
N b f ti i l 100• Number of operations per pixel >100

Goals
• Identify withouth a priori assumptions pixels containing signals from objects against

pixels affected by background only
• After classification to identify objects as connected regions of object pixels

C “bi ” k i i h l i f bj• Create a “binary” mask containing the location of objects
• Automatic procedure, stable and with no need for specific settings of the 

parameters



Algoritmi InterattiviAlgoritmi user - dependent lead to non reproducible results

2 different runs of S-Extractor on the same field (Ferguson et al. 1998)

• Arbitrary detection treshold, user dependent parameters

• Catalogues are different expecially at low flux levels



Definition of training windows

Histogram , wavelets, etc.

F t iFeature compression on 
training windows (PCAs)

Feature compression on 
training windows

Training:
Classification of pixels

Segmented image

in TW (MLP models)

Segmented image

MASK Post processing DAME/FW



tt

Uso della PCA neurale per la segmentazione

fondo

oggetto ad
alta magnitudine

oggetto a
bassa magnitudine

profili di luminosità Necessità di funzioni di 
trasferimento (attivazione) 

li ifinestra 5x5
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Principal
components

We Aimed To:   We Aimed To:   

1) Manage simultaneously 3 bands  

PCA Neural Net

Extract
pattren Pixel class

2) Improve detection correctness

3) Generate accurate classifications
p

Window

Digitized plate MaskSingle band segmentation

PCA Principal 
components

Extract pattern

Three-dimensional
window

Neural Net

Pixel classMultiple band segmentation

Plate digitized on 3 bands Mask





Different NN models
1) ML-SOM
2) ML-Neural Gas

6) Neural Gas

Dall'alto verso il basso e da sininstra verso destra:

7) Neural Gas + Nearest Neighbour

   

)
3) ML-KMeans
4) ML-Maximum Entropy
5) GCS + ML-Neural Gas

) g
8) Neural Gas + met. del Centroide
9) Neural Gas + media tra gruppi

   

   

   
fig. 6.9 - esperimenti di segmentazione dell'immagine in alto.



NExt vs SKICAT

 
Fig. 5 - Comparison of our method (left) with SKICAT (right) after deblending.NExt after deblending SKICAT

• Necessità di un lungo post-
processing dei cataloghi per pulirli 

• La maggior parte degli oggetti è 
“vera”

• Oggetti estesi sono spezzati in 
frammenti

• Decompone bene oggetti 
sovrapposti

• Diametri e fotometria errati



What comes NEXT

• Addition of other segmentation models
Parallelization of some parts of the codes• Parallelization of some parts of the codes

• Porting and fine tuning to other domains
• PLASTIFICATION (or SAMPIFICATION) of methods


