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Abundances
Al - A new opportunity

Fundamental 2> Functional parameters s

Ideas for the future
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Abundances

The IDEAL Indicator x,? D Callratins

Ideas for the future

‘ Would be MONOTONIC with respect to metallicity Z

‘ Would be observationally detectable up to high Z

‘ Would have low average dispersion (least-square error)

Would span a W I D E range of £ when empirically-calibrated
using REAL galaxy data

& IF ALL THAT WENT PERFECTLY...

It would also be independent of
chemical evolution and have an
understandable behaviour with Z ~
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Abundances
Al - A new opportunity

Observational Limits at high Z g

Ideas for the future

Commonly used auroral-to-nebular emission line ratios...

Bresolin 2006
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Abundances
Al - A new opportunity

Indicators in HII-like regions e

Ideas for the future

o N\
Galactic Extra-Galactic HIl CNSFRs?
HII-FS;ions HIl-Regions Ga%es
Parameter Validity Dispersion
1 o3 / < 8.0 0.12
m o3 8.0<Z <84 1.30
b Og3 7 > 8.4 0.20
N2 upto Ze 0.24
.:> 823 up to Z@ 0.16
So34 up to Z@ <0.10
S23/0a23 @ )@
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Abundances

Al: An opportunity

Ideas for the future

_ _ _ Architecture
Dimensional Analysis Weights

Node
Functions
Mutation
Cross-

‘ over
103 ERROR REDUCTION EQUATIONS
Taylor 2005 »
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Al - A new opportunity

LINE RATIOS

T Emission
Dimensional High Resolution line fluxes
Analysis Observational Data

translate

Network

System Specific Linearising
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sample
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Abundances
Al - A new opportunity
n-D Calibrations

Ideas for the future

How it Works: e.g. Newton’s Law

IDEAL SOLUTION

outputsf; (s); = s Linear
| I h(s)e = ¢€° { Power
h(s); = In|s Liows
h(s)s = 1/(1+ ¢ *) [ Sigmeias’
h(s)s = (1+e7*)/2(1+¢e*)
| = h(s)¢ = tanhs "
5 h(s); = sins e
h(s)gs = coss
h(s)g = e Gaussians
i § PRUNED

NODES

____________________________
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Abundances

Newton’s Law: F=ma (EXACT) [apitii

Ideas for the future

F=ma (EXACT): Training & Evaluation Data 0,001
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Abundances
Al - A new opportunity

Newton’s Law: F=ma (10% Errors) feeie

Ideas for the future
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F=ma (Errors): Training & Evaluation Data
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Abundances
Al - A new opportunity

HII-like regions: HiGs, GHIRs & EGHIIRs [l i

Ideas for the future
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Abundances

L . Al - A new opportunity
Tra | n | ng & Eva I UatIOn Data n-D Calibrations
Ideas for the future
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Abundances
Al - A new opportunity

SAGAN Evolution (2 days on a dual 3hz pc) EELREEEE

Ideas for the future
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Abundances
Al - A new opportunity

Evolution of the calibration: Z=f(S523) [T Ee

Ideas for the future
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Abundances

Fitting & n-D Calibrations e

Ideas for the future

Z(O/H)=1(C,X,X,,..., X )
1,8

X = Oy = ([ON],3757: 23730 TLON1] 4950, 15007) / Hﬁ

X, =Sy = ([SH] 167171 26731 T[S ] 19060+ 20532) / Hﬂ

© Needs a big and homogeneous data-set
© Canpotentially reduce subjectivity

© canpotentially identify new indicators
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A sample for n-D studies
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[Ar IV] 7136

Z(O/H) lzotov et al 2006

Abundances

Al - A new opportunity
n-D Calibrations
Ideas for the future

|zotov et al 2006 - 144 objects
(another 163 from other sources)

9,0
8.5 1
8,0 -

75 1

7,0 -

Pilyugin, Thuan and Vilchez, 2006

using
t, =0.76t, —0.26

6,5
6.5

7,0
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Abundances
Al - A new opportunity

Data classification with the BPT plot BT

Ideas for the future
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Abundances
Al - A new opportunity

M eta I I iCity a n d 023 n-D Calibrations

Ideas for the future
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Abundances
Al - A new opportunity

M eta I I iCity a n d 523 n-D Calibrations

Ideas for the future
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Abundances
Al - A new opportunity

The role of S (S+, S2+, S, ICF) EEEEE:

Ideas for the future

Z(S+/H+)
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Abundances

Trends of U and n with S,; Eras

Ideas for the future
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Data in the n_U_SZ3 Space Al - A new opportunity

n-D Calibrations
Ideas for the future
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Abundances

Fitting with a plane 0 Clbratons

Ideas for the future

Equation: 3D; Plane

f=y0+a*x+b™y
Minimum Maximum
@ Z©OMH)=7.875 y0=-0,4128 1,2385
@ Zz(O/H)=18025 a =-0,6199 1,8597
Z(O/H)= 8.175 b =-0,3018 0,9054
Z(O/H) = 8.325
; -0(4 ) NUCLEOSYNTHETIC R Rsgr Standard Error
pr— EVOLUTION & 0,8850 0,7832 0,0854 dex
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Abundances
Al - A new opportunity

Fitting with a Gaussian surface ez

Ideas for the future

@ z©O/H) =7.2875
@ Z(O/H)=8.025
Z(O/H) = 8.175
@ zZO/H) =82325
= -0,5

0.0

N 0.5

. 1.0
I 0,0
. 0.2
N 04

NUCLEOSYNTHETIC
EVOLUTION &
COOLING

Equation: 3D; Gaussian
f=a"exp(-,57( ((x-x0)/b)*2 + ((y-y0)/c)*2))

Minimum Maximum
x0 =-0,9181 0,3060
y0 =-0,6501 0,2167
a =-0,1848 0,5543
b =-0,1089 0,3268
c =-0,0569 0,1707

R Rsqr Standard Error
0.8584 0,7369 0,0948 dex
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Abundances
Al - A new opportunity

The biggest question... [

Ideas for the future

Z(O/H)=1(c,X,%X,,...,X)

g(n7,U,S,;) =0

This mapping is possible if we can define a scale of effective
temperature T* using empirical measures ONLY. But how?

Mike Taylor, Pepe Vilchez
& Angeles Diaz
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Abundances

Ideas for the Future vocamm

Ideas for the future

Q Find the relation |g(77,U,S,;) =0| and to test its robustness

To find new n-D indicators & improve calibrations of the form:
Z=f(c, Xy,X%,...X,) for Hll-like regions and then for AGNs and PNs

Q To investigate finding an empirical scale for T*

On behalf of myself, Pepe and Angeles, | would like to thank Guille Hagele,

Enrique Perez-Montero and Mariluz Martin for kindly making observational data
available and to everyone who has patiently and carefully taken accurate images

Many thanks
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