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Due to new instruments and new diagnostic tools, the 
information volume grows exponentially

Most data will never be seen by humans!
The need for data storage, network, database-related technologies, standards, 

etc.

Information complexity is also increasing greatlyInformation complexity is also increasing greatly

Most knowledge hidden behind data 
complexity is lost  

Most (all) empirical relationships known so far depend on 3 parameters ….
Simple universe or rather human bias?

Most data (and data constructs) cannot be 
comprehended by humans directly!

The need for data mining, KDD, data understanding technologies, 
hyperdimensional visualization, AI/Machine-assisted discovery 
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Detect sources and measure their attributes 
(brightness, position, shapes, etc.) 
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From the Data Mining point of view, any
observed (simulated) datum p defines
a point (region) in a subset of R N. 

100>>ÂÎ Np N ����
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From data to knowledge: KDD 
Knowledge Discovery in Databases
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Data Mining in the VO
• A new Interest group on Knowledge Discovery in Massive Data Sets was born inside 
the IVOA.
• The explosion of Data available (the “Data tsunami”) in the VO can be effectively dealth 
with using Data Mining, especially when the time variable comes into play.

But...The VO currently lacks general purpose tools for 
“server side” massive data sets manipulation.

• To provide the VO with an extensible, integrated environment for Data Mining and
Exploration ;

• Support of the VO standards and formats, especially for application interop (SAMP);

• To abstract the application deployment and execution, so to provide the VO with an
“opaque” general purpose computing platform taking advantage of the modern
technologies (e.g. Grid, Cloud, etc...).

Dame in the VO Framework
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Photometric redshifts?

Multicolour photometry maps physical parameters:

If the relation can be inverted then:

luminosity L
redshift z
spectral type T

observed fluxes�

� -1
z, L, Tu,g,r,i,z,H,J,K,...

� -1

The function can be approximated by regression in the photometric space. The
accuracy of the photometric redshifts depend on two aspects:

How the photometric filters cover the SED of the sources...

How absorption and emission features relate to the photomet ric filters...
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A Science case: photometric redshifts (sample from SDSS galaxies)

Spectral Energy Distribution convolved with band filters
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Color indexes

B-R

U
-B

Point moves as a 
function of z and 
morphological 
type

Zspec
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BoK = Base of Knowledge
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Neural Networks advantages:

Fast;
Scale much better than any other method;
Learn by examples (BoK, in this case SDSS) and adapts easily to new data;
Do not require a priori assumption on the Spectral Energy Distributions of
sources;
May be applied to all classes of extragalactic sources;
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Mc-Culloch & Pitts artificial Neuron model Neuron activation function

Biological Neuron
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Output error Error tolerance threshold

Backward 
phase with 
activation 

FeedForward 
phase with 

input 
propagated 

through neuron 
activation 
function 

Activation function

Weight 
updating law

learning rate

activation 
function 
gradient 

calculation and 
back 

propagation of 
learning error 

through layers, 
in order to 

update internal 
weights

function 
calculated at 
each layer



�,
��������-	�# .�����
+%/

!���
��

��
�������

�)�
�������������

���'"'"0�
���

�����
���

���'"

��%��!�
$�'01��

���%��2�34
"�
���

������ 4

����

����)%05�

�5" �)%�

NO

YES



!���
������
��������6 ����
���� � ����
����
������
�������������!����������
�� �����
���� 7��
���%������������
�	���������	���
� 

+%/

!���
��

��
�������

�)�
�������������

)��  ������	�
'�

��� �������
��	��� ��	���

+��#
� ���	�

���'"'"0�
���

�����
���

���'"

��%��!�
$�'01��

���%��2�34
"�
���

������ 4

����

����)%05�

�5" �)%�

NO

YES

�
	�� ���	�



�,
�������������������������)������

+%/

!���
��

��
�������

�)�
�������������

""���
�	���
6������ �� 	����
 �� ��� �
7

)������� ����
"�
���


����� ����
��	 
��
� �� ��������
6��������	���7

���'"'"0�
���

�����
���

���'"

��%��!�
$�'01��

���%��2�34
"�
���

������ 4

����

����)%05�

�5" �)%�

NO

YES



�������������#��(
+%/

!���
��

��
�������

�)�
�������������

8� ������ �������� 
������

9� ��� ��� ��� .���#�� ""
:� ����( �� ���
�� ����� 2 ����
��	 %� �� "�
���


������ 6�� &�� 0%�% ;< �	
� �%"�'"5�7
=� +��( 
��
����� ��� ����� ��� ���� �� � >�
�

��  �� �� � #�����

?� ����� ��  �� �� � #�����
 6��� �)� �����7
@� 0%�%8

���'"'"0�
���

�����
���

���'"

��%��!�
$�'01��

���%��2�34
"�
���

������ 4

����

����)%05�

�5" �)%�

NO

YES

@� 0%�%8
;� ����� ����	 ��  �� �� � #�����

A� ��%�



��
���������#��(
+%/

!���
��

��
�������

�)�
�������������

������ ��
��
��
��� ������� .���#�� ""

���
�������
��������
���	���� ������	�B�����

��
���	��� �� ���������� ""

���'"'"0�
���

�����
���

���'"

��%��!�
$�'01��

���%��2�34
"�
���

������ 4

����

����)%05�

�5" �)%�

NO

YES



�����������#��(
+%/

!���
��

��
�������

�)�
�������������

��� ""�	�(� ���������
 ��������
��� ���.
���

�	�������
0�����������
�������	����

�	����� ����	�B� ���
��

���'"'"0�
���

�����
���

���'"

��%��!�
$�'01��

���%��2�34
"�
���

������ 4

����

����)%05�

�5" �)%�

NO

YES



-�		�#��� .	�����������	



5
����
��''
A possible application of photometric redshifts is the selection of galaxies belonging to
bound structures like clusters or groups (see, for example, [Capozzi et al. 2009]). Let's
see how we can find out if a given observed "overdensity" of galaxies in a field is likely
associated to a real structure.

Photometric redshifts can be used as a valid alternative tec hnique or side-by-
side to other methods based on the photometric properties of galaxies (for
example, the "red-sequence" method [Gladders & Yee 2000]).

You will use DAME, Topcat and Aladin, with which you should already be
comfortable !

We will consider a well known rich cluster of
galaxies (Abell 2255) and explore a field
containing this cluster using SDSS
photometry and our own photometry
redshifts
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Follow the step-by-step instructions on the DAME prototype web page…


