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Summary: The AVO team at ESO has suggested to the GAVO-team to consider a VO-collaboration resulting in an SED classifier service. This service would be initially used to solve the problem of classifying Planetary Nebulae by comparing observed SEDs with SEDs derived from a set of theoretical spectra. The classifier resulting from the proposed collaboration may possibly be incorporated into the next AVO-demo at the beginning of the year 2005. This document outlines the requirements, sketches a project plan and suggests a subdivision of the work.

Background

A member of the AVO Science Working Group (SWG) has proposed to the AVO team to consider implementing a classifier service that allows the classification of all sources in a published list of Planetary Nebulae. Classification is supposed to proceed on the basis of observed quasi-SEDs that have to be assembled via fuzzy spatial matching from published catalogues. 

The main goal is to classify all PNe with the help of a library of theoretical spectra (described below). A secondary goal consists in finding PNe that show an infrared excess, since these  are potentially the most interesting ones.

This document describes the requirements for the classifier.

The requirements for a data download & matcher service, the result of which could be fed into the classifier, are described in a separate document. 

The corresponding projects required for implementing the download & matcher and the classifier services are obviously related. However, they are only loosely coupled. The only requirement is that the output of the download & matcher service can be fed into the classifier.

Input

Observed SEDs

The input list of 1312 planetary nebulae can be retrieved from Vizier at CDS. Using this list, quasi-SEDs must be constructed by consulting various optical and infrared catalogues.

For the remainder we assume that from a manual or automated process candidate quasi-SEDs are available, where each quasi-SED consists of photometric measurements in the different passbands, not necessarily in the same flux-units.

Theoretical spectra

A library of theoretical stellar spectra exists which is supposed to provide templates for the classi​fication process. This library consists of hundreds of high-resolution spectra. Only the central star of the PN is modeled, but not the surroundings.

For the purpose of the planned classification of PNe this library has to be preprocessed, i.e. the data has to be mapped from theoretical space to data space. To this end the theo​retical spectra have to be down-sampled, ideally taking into account the spectral response curves for the filters used in the observations recorded in the catalogues.

The number of values in each preprocessed theoretical quasi-SED has to be the same as the number of values in the observed quasi-SEDs.

Weights

Observed PNe may have an infra-red excess, which is not modeled by theory. Therefore it is advisable that the classification process (optionally) excludes the infrared pass band. A mechanism is needed that allows, at the user’s discretion, the exclusion of certain photometric data points from the classification process. This functionality can easily be accomplished with a vector of weight values, which may take the Boolean values true or false (1 or 0). The number of weights must equal the number of data points in a quasi-SED.

Somewhat more generally, we may allow the weight values to assume any non-negative real value at the user’s discretion, thereby implementing a more general classifier, which can work with arbitrary weights. The weights might e.g. reflect the statistical uncertainty of the measurements. 

The default weight vector has weight = 1 for all weights.

Output

Deterministic classifier

Initially a simple deterministic classifier will be implemented. This deterministic classifier will only use the observed and preprocessed theoretical quasi-SEDs, and take into account the weight vector. It will employ a nearest neighbour-algorithm to find, for a given observed quasi-SED, the closest theoretical quasi-SED. To this end a dissimilarity measure (e.g. the Euclidean distance) between quasi-SEDs needs to be defined. The fact that the quasi-SED contains logarithmic quantities (magnitudes) should be taken into account when devising the dissimilarity metric.

The result of the classification process will be a table, which will show the IDs of the observed SEDs labeling the rows, and three pairs of columns giving the best, second best and third best class assignments along with the corresponding values of the dissimilarity metric. This would allow a coarse judgment on how unambiguous a classification really is.

obsID  theoID_1  d_1  theoID_2  d_2  theoID_3  d_3

…      …         …    …         …    …         …

The table should be formatted as an HTML table for viewing and as a CSV-file for later use.

Optionally the classifier will output the complete classification matrix (table), which for each pair of observed quasi-SED and theoretical quasi-SED states the value of the dissimilarity metric.

obsID  d_1  d_2  d_2  …

…      …    …    …    …

Preprocessing of the observed data

The computation of a dissimilarity metric requires some preprocessing of the observed quasi-SEDs, since the PNe are observed at different distances, and therefore the flux recorded varies. One possibility consists in normalizing the flux 

· Either by dividing by the mean (if the data space is linear),

· Or by dividing by the mean square.

Alternatively, flux ratios of magnitude differences could be used in order to remove the effect of variable distances. 

Statistical classifiers

A more advanced implementation of the SED-classifier would automatically take into account the measurement uncertainties of the photometric quantities that make up the quasi-SEDs. Assuming a multivariate Gaussian distribution of the photometric measurements, a family of likelihood-based classifiers can be implemented, which are based on the Mahalanobis distance. Each classifier needs to be augmented by a classification strategy, such as maximum-likelihood (ML), maximum-a-posteriori (MAP), Bayes, or Neymann-Pearson.

The classifier described here is quite generic, and could also be used for classifying astronomical objects other than Planetary Nebulae.

Dataflow

The classifier shall be implemented as a client-server application, and be accessible via the Internet (see Figure 1). The purpose of the classifier is to compare the observed SEDs with the templates from the theoretical SED library, and to produce a classification.
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Figure 1: The data flow for the SED-classifier. The user indicates the type of data (observed, theoretical, weights) to be uploaded, along with the desired output. The classifier computes the best class assignments and outputs them along with the values of the dissimilarity metric. Optionally the complete dissimilarity matrix can be output.
File-based

In its initial implementation the classifier service is supposed to offer the following functionality:

· Upload of a list of observed SEDs into the classifier.

· Upload of a list of theoretical SEDs derived from theoretical high-resolution spectra. (This functionality will require suitable authentication and authorization, if the uploaded SEDs are to be permanently stored on the server.)

· Upload of a vector of weights. (This is an optional step, only required if the user wants to deviate from weights equaling 1.

· Classification by a deterministic nearest neighbor classifier based on a suitable dissimilarity measure between the observed and the theoretical SED.

The input data format of the classifier service will initially be restricted to blank- or comma-separated (CSV) ASCII files. The number of spectral channels and their central wavelengths and passbands need to be the same for the observed and the theoretical SEDs.

The initial implementation of the classifier is to be operated from a standard Web-browser.

A prototype of the deterministic SED classifier described so far has been implemented by GAVO and is available for demo purposes, further requirements analysis, and actual SED classification.

VOTable-based

In a next step the classifier might accept VOTables as input, and produce a VOTable, probably with several sub-tables as output.

Web-service based

An interesting further step would consist in encapsulating the classifier described above in a Web-service. It is an open question which form the input and output data should take. VOTables do not appear appealing at this point.

Responsibilities

It would be the responsibility of the AVO team 

· to prepare the list of PNs with associated SEDs, and

· to prepare the library of theoretical SED’s. This work would be carried out in cooperation with the proposing SWG-member. The resulting library would have to be kept non-public by GAVO until further notice. 

It would be the responsibility of the GAVO team 

· to provide the AVO team with the proposed classifier service. Initially the service would be offered via the GAVO Web on a restricted basis, requiring authorization/authentication. Alternatively, the classifier software could be delivered by GAVO to AVO in form of a war file that can be locally executed by the AVO-team using a servlet container such as Apache Tomcat.

Next steps

Test data

For testing the AVO-team needs to provide theoretical and observed data to the GAVO-team.

Development and testing

The GAVO team needs to make the classifier prototype and subsequent versions available to the AVO-team, and it needs to be clarified, how. For the time being the AVO-team could work with a war file that is occasionally replaced by a new version.

Data storage
It needs to be decided how and where the classifier may store the library of theoretical templates.

Authorization and authentication

If the functionality for user-directed template uploading is included, then an authorization and authentication mechanism needs to be defined. Alternatively, each user may upload his/her own templates that would be available as long as the session lasts.
Later Phases

The scope of later phases is not yet defined. Below a few options are discussed in approximately the order in which these could be implemented.

Down-sampling

It might be interesting to create a separate down-sampling service, so that users with theoretical spectra could map their data into observational space.

Maximum likelihood classification

Other generalizations considered so far would consist in using the photometric uncertainties of the observed SEDs. (VOTables might provide a handy way of storing the photometric uncertainties along with the SEDs.) If each SED is augmented by its photometric uncertainties, a more sophisticated statistical classifier could be used. Instead of computing the Euclidean distance between the observed and theoretical SEDs, the Mahalanobis distance would be used, which uses the variances (and covariances if provided) of the SED data elements for statistical weighing. The Mahalanobis distance is related to the chi-squared metric and the resulting statistical classification is similar, if not identical, to a maximum likelihood classification. 

Maximum-a-posteriori classification

If photometric uncertainties are provided, further generalizations of the classifier are conceivable. For instance, the a priori probabilities of PN types I and II might be provided as input. Then the maximum likelihood classifier could be generalized to a maximum-a-posteriori classifier, which produces the correct classification more often than the simpler maximum likelihood classifier. Further generalizations are conceivable that would drive the classifier away from objective classification into a goal-directed subjective Bayesian operational mode, which might become very useful during proposal preparation for producing interesting candidates for further observation.

Operating characteristic

Another useful option would be to complement the statistical classifier with an operating characteristic (OC) diagram indicating the hit rate and the false alarm rate of the classification. Such a diagram could also be used for controlling the free parameters that determine operating point of the classifier.

Web service

It is also under consideration to augment the simple interactive HTML-client by a SOAP-based Web-service, so that the classifier could be invoked programmatically from remote locations.

References

H.-M. Adorf, 2004, Data download and matching for Planetary Nebulae – a potential GAVO-AVO project, Requirements Analysis and Project Plan.

SED classifier requirements.doc

Page 6 of 6

