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Observable and Data Parameter Spaces 

From: “Sky Surveys”, by S. G. Djorgovski et al., a chapter for Planets, Stars, and Stellar 
Systems, eds. T. Oswalt & H. Bond, Springer Verlag (2012).  Also http://arxiv.org/abs/1203.5111 
 

Every astronomical observation, surveys included, covers some finite portion of the Observable 
Parameter Space (OPS), whose axes correspond to the observable quantities, e.g., flux 
wavelength, sky coverage, etc. (see below).  Every astronomical observation or a set thereof, 
surveys included, subtends a multi-dimensional volume (hypervolume) in this multi-
dimentsional parameter space. 
The OPS can be divided for convenience into four domains, roughly corresponding to the type of 
observations, although each of the four domains is really a limited projection of the OPS: 
• The spectrophotometric domain, whose axes include the wavelength λ (or the photon energy), 

flux Fλ (that may be integrated over some finite bandpass), the spectroscopic resolution R = 
λ/Δλ, the inverse flux precision F/ΔF (so that the higher is better), and a polarization sub-
domain that could consist, e.g., of the inverse precision of the measurements of Stokes 
parameters.  One could divide it into spectroscopic and photometric sub-domains, but 
photometry can be seen as an extremely low resolution spectroscopy, and as the bandpasses 
shrink, the distinctions blur. 

• The astrometric domain, whose axes include the pairs of coordinates (Equatorial, Ecliptic, 
Galactic…), and the astrometric accuracy Δθ.  The two coordinates can be collapsed into a 
net area coverage Ω, if it doesn’t matter where on the sky the observations are done; in this 
context, we use the word “area” to mean “solid angle”, following the common, if somewhat 
misleading usage. 

• The morphological domain, whose axes include the surface brightness µ, and the angular 
resolution Δα, that represents a “beam size”, and should not be confused with the astrometric 
accuracy; given a sufficient S/N, it is possible to have Δθ << Δα.   

• The time domain, whose axes include the time (say, the MJD or the UT) if it matters when 
the data are obtained, time baselines or sampling Δt, and the number of epochs (samples) Nexp 
obtained at each Δt.  These reflect the cadence and determine the window function of a 
survey. 

Obviously, the four domains can share some of the axes and seldom make sense in isolation.  An 
obvious example would be a single image: it covers a finite field of view, in some finite 
bandpass, with some limiting magnitude and a saturation level, and a limited angular resolution 
determined by the pixel size and/or the PSF.  An imaging survey represents a sum of the OPS 
hyper-volumes of the individual images.  Another example is the “cosmic haystack” of SETI 
searches, whose axes are the area, depth, and frequency (see, e.g., Tarter 2001). 

We are also starting to add the non-electromagnetic information channels: neutrinos, gravity 
waves, and cosmic rays; they add their own dimensions to the general OPS. 

The dimensionality of the OPS is given by the number of characteristics that can be defined for a 
given type of observations, although some of them may not be especially useful and could be 
ignored in a particular situation.  For example, time domain axes make little sense for the 
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observations taken in a single epoch.  Along some axes, the coverage may be intrinsically 
discrete, rather than continuous.  An observation can be just a single point along some axis, but 
have a finite extent in others.  In some cases, polar coordinates may be more appropriate than the 
purely Cartesian ones.  

Some parts of the OPS may be excluded naturally, e.g., due to quantum limits, diffraction limits, 
opacity and turbulence of the Earth’s atmosphere or the Galactic ISM on some wavelengths, etc.; 
see Harwit (1975, 2003).  Others are simply not accessible in practice, due to limitations of the 
available technology, observing time, and funding. 

We can thus, in principle, measure a huge amount of information arriving from the universe, and 
so far we have sampled well only a relatively limited set of sub-volumes of the OPS in general, 
much better along some axes than others: we have fairly good coverage in the visible, NIR, and 
radio; more limited X-ray and FIR regimes; and very poor at higher energies still.  The 
discrimination becomes sharper if we also consider their angular resolution, etc. 
The coverage and the dimensionality of the OPS determine what can be detected or measured; it 
fully describes the scope and the limitations of our observations.  It is in principle enormous, and 
as our observing technologies improve, we cover an ever greater portion of it.  Selection effects 
due to the survey limitations are also more apparent in such a representation.   Examining the 
coverage of the OPS can yield insights for the optimal strategies for future explorations.   

 

Figure 1.  A schematic illustration of the Observable Parameter Space (OPS).  All axes of the 
OPS corresponding to independent measurements are mutually orthogonal.  Every astronomical 
observation, surveys included, carves out a finite hypervolume in this parameter space.  Left: 
Principal axes of the OPS, grouped into four domains; representing such high-dimensionality 
parameter spaces on a 2D paper is difficult.  Right:  A schematic representation of a particular 
3D representation of the OPS.  Each survey covers some solid angle (Ω), over some wavelength 
range (λ), and with some dynamical range of fluxes (F).  Note that these regions need not have 
orthogonal, or even planar boundaries. 
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Alternatively, knowing how given types of objects populate the OPS, one can optimize the  
coverage strategy to find them; for example, Supernovae, or brown dwarfs.  We note that the 
inverse of the area coverage represents a limiting source density:  if a survey covers the area Ω, 
in order to detect N sources of a given species, their surface density on the sky must be greater 
than N/Ω.  For example, down to r < 20 mag, the surface density of quasars at redshifts z > 4 is ~ 
4.1×10– 2 deg– 2; thus, in a survey with such limiting magnitude, in order to find ~ 100 such 
objects for subsequent studies, one has to cover at least ~ 2,500 deg2. 

Two relatively poorly explored domains of the OPS may be especially interesting: the low 
surface brightness universe, and the time domain, at any wavelength (Djorgovski et al. 2001ab, 
Brunner et al. 2001b, Diercks 2001).  For example, the subject of possible missing large 
populations of low surface brightness galaxies has been debated extensively in the literature (see, 
e.g., Impey & Bothun 1997), but a systematic exploration of the low surface brightness universe 
is just starting.  The time domain is currently undergoing a vigorous development, thanks to the 
advent of the modern synoptic sky surveys (Paczynski 2000, Djorgovski et al. 2012, and the 
volume edited by Griffin et al. 2012); we review some of them below. 

As catalogs of sources and their measured properties are derived from imaging surveys, they can 
be represented as points (or vectors) in the Measurement Parameter Space (MPS).  Every 
measured quantity for the individual sources has a corresponding axis in the MPS.   Some could 
be derived from the primary measured quantities; for example, if the data are obtained in 
multiple bandpasses, we can form axes of flux ratios or colors; a difference of magnitudes in 
different apertures forms a concentration index; surface brightness profiles of individual objects 
can be constructed and parametrized, e.g., with the Sersic index; and so on.   Some parameters 
may not even be representable as numbers, but rather as labels; for example, morphological types 
of galaxies, or a star vs. a galaxy classification.   
While OPS represents the scope and the limitations of observations, MPS is populated by the 
detected sources and their measured properties.  It describes completely the content of catalogs 
derived from the surveys. 

Some of the axes of the OPS also pertain to the MPS; for example, fluxes or magnitudes.  In 
those cases, one can map objects back to the appropriate projections of the OPS.  However, 
although there is only one flux axis in a given photometric bandpass in the OPS, there may be 
several corresponding derived axes in the MPS, e.g., magnitudes measured in different apertures 
(obviously, such sets of measurement axes are correlated, and would not be mutually orthogonal).  
Some axes of the OPS would not have meaningful counterparts in the MPS; for example, the 
overall area coverage.  There may also be axes of the MPS that are produced by measurements of 
images that are meaningless in the OPS, for example parameters describing the morphology of 
objects, like concentration indices, ellipticities, etc.  For all of these reasons, it makes sense to 
separate the OPS from the MPS. 

Each detected source is then fully represented as a feature vector in the MPS (“features” is a 
commonly used computer-science term for what we call measured parameters here).  Modern 
imaging surveys may measure hundreds of parameters for each object, with a corresponding 
dimensionality of the MPS; however, many axes can be highly correlated (e.g., magnitudes in a 
series of apertures).  It is thus a good idea to reduce the dimensionality of the MPS to a minimum 
set of independent axes, before proceeding to further data analysis. 
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The MPS in itself can be a useful research tool.  For example, morphological classification of 
objects (stars vs. galaxies, galaxies of different types, etc.), as well as a detection and removal of 
measurement artifacts, which often appear as outliers from the bulk of the measurements, can be 
accomplished very effectively in the MPS.  Sometimes, a judiciously chosen subset of 
parameters can be used for such tasks.  Statistical and Machine Learning tools like the Kohonen 
Self-Organizing Maps (SOM; Kohonen 1989) can be used to find the most discriminating 
parameters for a given problem. 

 

Figure 2.  Examples of 3D projections of the Measurement Parameter Space (MPS), specifically 
colors.  Only a couple of thousand of objects are plotted, for clarity.  Left: Colors of quasars in 
the SDSS uʹ′gʹ′rʹ′ and the Spitzer 3.6 µm band, from Richards et al. (2009).  Right:  Colors of stars, 
quasars and galaxies in the SDSS uʹ′gʹ′rʹ′iʹ′zʹ′ color space.  Objects of different types or sub-types 
form clusters and sequences in the MPS, that may be apparent in some of its projections, but not 
in others.  In these examples, distributions in the space of observable parameters also carry a 
physical meaning, and can be used to separate the classes, or to search for rare types of objects, 
e.g., high-redshift quasars.  Thus, visual inspection and exploration of data represented in the 
MPS can lead directly to new insights and discoveries.  In addition to the 3 spatial axes, one can 
also use the sizes, shapes, and colors of the data points in order to encode additional dimensions. 
A more rigorous approach would be to use various data mining techniques, such as the clustering, 
classification, anomaly or outlier searches, correlation searches, and similar tasks. 

Observed properties of detected sources can then be translated through the process of data 
reductions and analysis into their physical properties, usually requiring some additional or 
interpretative knowledge, e.g., distances, and/or assuming some data model.  These form the 
physical parameter space (PPS), where typically the scientific discoveries are made.  The MPS 
describes observations of individual sources found in a catalog; the PPS is populated by 
astronomical objects, again quantified as feature vectors.  For example, an observed color-
magnitude diagram for stars in some field is a 2-dimensional projection of the MPS; the 
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corresponding temperature-luminosity diagram is a projection of the PPS.  A magnitude belongs 
to the MPS; a luminosity is a feature of the PPS.  There is of course no reason to stop at 2 
dimensions, and in principle, the PPS can have at least as many axes as the MPS from which it is 
derived, although often many can be deliberately ignored in a given analysis.  Also, the PPS can 
have additional axes of derived parameters, e.g., masses, chemical abundances (derived from the 
observed equivalent widths in the MPS), and so on. 

The MPS and the PPS may partly overlap, typically with the axes that represent distance-
independent quantities, for example colors or some other measures of the spectral energy 
distributions, such as the spectral indices, or hardness ratios; surface brightness; and measures of 
source morphology, e.g., concentration indices; or various measures of the variability, e.g., 
periods, if any, decay times, etc.   (In a cosmological context, relativistic corrections have to be 
applied to the surface brightness and any time intervals.) 

Surfaces delimiting the hyper-volumes covered by surveys in the OPS map into the selection 
effects in the MPS and its projections to lower dimensionality parameter spaces.  These, in turn, 
map directly into the selection effects in the PPS.  The combination of these parameter spaces 
thus represents a quantitative framework for data analysis and exploration. 

3.3 Exploring the Parameter Spaces 
An early vision of such a systematic exploration of the observable universe was promoted by 
Zwicky (1957), who was as usual far ahead of his time, dubbing it the “Morphological Box 
Approach”.   That was perhaps an unfortunate wording; reading Zwicky’s writings, it is clear 
that what he meant is very much like the OPS and PPS defined above.  Zwicky was convinced 
that a systematic, orderly exploration of these parameter spaces may lead to the discoveries of 
previously unknown phenomena.  While Zwicky was limited by the observational technology 
available to him at the time, today we can bring these ideas to fruition, thanks to the thorough 
and systematic coverage of the sky in so many different ways by sky surveys. 
Astronomical objects and phenomena are characterized by a variety of physical parameters, e.g., 
luminosities, spectral energy distributions, morphologies, or variability patterns.  Sometimes, 
correlations among them exist, and their interpretation leads to a deeper physical understanding.  
Objects of different kinds, e.g., stars, quasars, galaxies of different kinds, etc., form clusters in 
the PPS, reflecting their physical distinctions, and that in itself represents some knowledge and 
understanding.  Conversely, identifying such clusters (or outliers form them) in the space of 
physical properties can lead to discoveries of new types or sub-types of objects or phenomena. 

It is important to note that the finite, specific hypervolumes of the OPS in any given survey are 
effectively “window functions” that determine what can be discovered: if a particular type of 
objects or phenomena avoids the probed region, then none will be found, and we don’t know 
what we are missing in the portions of the OPS that were not covered.  This argues for an OPS 
coverage, spread among a number of surveys, that covers as much of the accessible OPS 
hypervolume as possible and affordable. 

The OPS and the PPS may overlap in some of the axes, and new discoveries may be made in the 
OPS alone, typically on the basis of the shapes of the spectral energy distributions.  This 
generally happens when a new wavelength window opens up, e.g., some blue “stars” turned out 
to be a new phenomenon of nature, quasars, when they were detected as radio sources; and 
similar examples can be found in every other wavelength regime.  The unexpectedness of such 
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discoveries typically comes from some hidden assumptions, e.g., that all star-like objects will 
have a thermal emission in a certain range.  When astronomical sources fail to meet our 
expectations, discoveries are made.  Improvements in angular resolution or depth can also yield 
discoveries, simply by inspection.  Of course, noticing something that appears new or unusual is 
just the first step, and follow-up observations and interpretative analysis are needed. 
Sometimes we expect to find objects in some region of the parameter space.  For example, most 
quasars (especially the high-redshift ones) and brown dwarfs are found in particular regions of 
the color space, on the basis of an assumed (correct) model of their spectral energy distributions.  
Thus, PPS approach can thus be put to a good use for a directed discovery, to form samples of 
known, interesting types of objects by introduction of a prior knowledge.  However, it also 
enables discoveries that were unanticipated, and approach we may call an organized serendipity. 

 
Figure 3.  A simple illustration of a physical parameter space (PPS), viewed from two different 
angles.  Families of dynamically hot stellar systems are shown in the parameter space whose 
axes are logs of effective radii, mean surface brightness, and the central velocity dispersion in he 
case of ellipticals, and the maximum rotational speed in the case of spirals.  In the panel on the 
left, we see an edge-on view of the Fundamental Plane (FP) for elliptical galaxies (Djorgovski & 
Davis 1987).  On the right we see a clear separation of different families of objects, as first noted 
by Kormendy (1985).  They form distinct clusters, some of which represent correlations of their 
physical parameters that define them as families in an objective way.  This galaxy parameter 
space (Djorgovski 1992ab) is a powerful framework for the exploration of such correlations, and 
their implications for galaxy evolution.  

The PPS is not uniformly populated: astronomical objects cluster and correlate in particular 
regions, for good physical reasons, and are likewise absent from most of the PPS hypervolume.  
For example, only a few narrow, well-defined sequences are populated in the HR diagram, 
reflecting the physics of stellar structure and evolution.  Some of these clusters correspond to the 
known classes of objects, but in principle other, as yet unknown clusters may exist in the 
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unexplored corners of the PPS.  Both the existence of clusters in the OPS, and the empty regions 
thereof in principle contain valuable information about the cosmic phenomena.  Therein lies the 
knowledge discovery potential of this approach. 
Various data mining (DM) techniques, such as supervised or unsupervised clustering analysis, 
outlier and anomaly searches, multivariate analysis, can be used to map out the PPS and thus the 
kinds of the astronomical objects that populate it (e.g., de Carvalho et al. 1995, Yoo et al. 1996).  
If applied in the catalog domain, the data can be viewed as a set of N points or vectors in a D-
dimensional parameter space, where N can be in the range of many millions or even billions, and 
D in the range of a few tens to many hundreds.  The data may be clustered in k statistically 
distinct classes, that may be uncovered through the DM process.  This is computationally and 
algorithmically a highly non-trivial problem, that is now being addressed in the Astroinformatics 
and related disciplines.  An example of a data exploration system along these lines is Data 
Mining and Exploration (DAME; Brescia et al. 2010, 2012; http://dame.dsf.unina.it).  A caveat 
is in order: most of the commonly used DM techniques implicitly or explicitly assume that the 
data are complete, error-free, and free of artifacts, none of which is true in reality.  Thus, they 
cannot be applied blindly, and scientists should understand their limitations when using them. 

Effective visualization techniques can go a long way towards an exploration and intuitive 
understanding of all of these parameter spaces.  Representation of highly-dimensional parameter 
spaces in 3D projections (which in themselves tend to be projected to 2D surfaces, such as the 
paper or a screen) poses many challenges of its own, as we are biologically limited to see in 3 
dimensions.  Various tricks can be used to encode up to a dozen dimensions in a pseudo-3D plot, 
but there is no reason why the nature would limit itself to interesting or meaningful structures in 
a small number of dimensions. 
However, not all parameters may be equally interesting or discriminating, and lowering the 
dimensionality of the PPS to some more appropriate, judiciously chosen subset of parameters 
may be necessary.  This is where the scientists’ skill comes into the play. 

Discovery of particularly rare types of objects, whether known or unknown, can be done as a 
search for outliers in a judiciously chosen projection of the PPS.  Such things might have been 
missed so far either because they are rare, or because they would require a novel combination of 
data or a new way of looking at the data.  A thorough, large-scale, unbiased, multi-wavelength 
census of the universe will uncover them, if they do exist (and surely we have not yet found all 
there is out there).  Surveys that detect large numbers of sources are the only practical way to 
find extremely rare ones; for example, down to the ~20 mag, approximately one in a million star-
like objects at high Galactic latitude is actually a quasar at z > 4, and that is not even a 
particularly rare type of an object these days. 
Sometimes new phenomena are found (or rediscovered) independently in different regions of the 
OPS.  Whether such repeated findings imply that there is a finite (and even a relatively modest) 
number of fundamentally different astronomical phenomena in the universe is an interesting 
question (Harwit & Hildebrand 1986). 
Most of the approaches described so far involve searches in some parameter or feature space, i.e., 
catalogs derived from survey images.  However, we can also contemplate a direct exploration of 
sky surveys in the image (pixel) domain.  Automated pattern recognition and classification tools 
can be used to discover sources with a particular image morphology (e.g., galaxies of a certain 
type).  An even more interesting approach would be to employ machine learning and artificial 
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intelligence techniques to search through panoramic images (perhaps matched from multiple 
wavelengths) for unusual image patterns; known example may be the gravitationally lensed arcs 
around rich clusters, or supernova remnants. 
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