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ABSTRACT
In this paper we aim to (i) test the number of statistically distinct classes required to classify
the local galaxy population, and, (ii) identify the differences in the physical and star formation
properties of visually-distinct galaxies. To accomplish this, we analyse the structural parame-
ters (effective radius (Reff ), effective surface brightness withinReff (〈µ〉e), central surface
brightness (µ0), and Sérsic index (n)), obtained by fitting the light profile of 432 galaxies
(0.002 < z 6 0.02; VikingZ-band), and their spectral energy distribution using multi-band
photometry in 18 broadbands to obtain the stellar mass (M∗), the star formation rate (SFR),
the specific SFR (sSFR) and the dust mass (Mdust), respectively.

We show that visually distinct, star-forming dwarf galaxies (irregulars, blue spheroids and
low surface brightness galaxies) form a unimodal population in a parameter space mapped by
〈µ〉e, µ0, n, Reff , SFR, sSFR,M∗, Mdust and (g − i). The SFR and sSFR distribution of
passively evolving (dwarf) ellipticals on the other hand, statistically distinguish them from
other galaxies with similar luminosity, while the giant galaxies clearly segregate into star-
forming spirals and passive lenticulars. We therefore suggest that the morphology classifica-
tion scheme(s) used in literature for dwarf galaxies only reflect the observational differences
based on luminosity and surface brightness among the apparent distinct classes, rather than
any physical differences between them.

Key words: galaxies: dwarf; galaxies: evolution; galaxies: fundamental parameters; galaxies:
general; galaxies: statistics; galaxies: structure

1 INTRODUCTION

The visual appearance of a galaxy is the manifestation of itsstar
formation history, stellar content and, dynamic and kinematic prop-
erties. As a result, visual morphology of a galaxy can not only pro-
vide important clues to its formation mechanisms, but the longevity
of specific features such as the spiral structure and bars could po-
tentially be used to understand secular evolution.

It is however a known fact that galaxy properties are modu-

⋆ E-mail:smritimahajan@iisermohali.ac.in

lated by their environment, such that red, bulge-dominated, pas-
sively evolving galaxies are mostly found in the dense cores
of galaxy clusters and groups, while blue, star-forming, disky,
galaxies appear more frequently in less dense environments(e.g.
Dressler 1980). But can a galaxy evolve from being disky to
spheroidal away from the harsh environment of clusters and
groups? To learn about the mechanisms responsible for convert-
ing one galaxy population into another, and, any evolutionary links
between visually distinct galaxies, it is important to get acomplete
description of galaxies which are evolving independent of the im-
pact of dense environment.
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2 Mahajan et al.

Historically, galaxies were distinguished by visual classifica-
tion (Hubble 1926), supported by quantitative descriptionof their
stellar light profile (Reynolds 1920). But since Hubble’s tuning
fork diagram, we have come a long way in classifying galax-
ies based on spectroscopic or photometric data obtained in mul-
tiple wavebands. After morphology, the most popular classifica-
tion scheme for galaxies is based on luminosity. Most studies
based on wide-angle survey data such as those obtained by the
Sloan Digital Sky Survey (SDSS), define galaxies fainter than
Mr ∼ −18mag as dwarfs. One of the key characteristics of low-
luminosity galaxies however, is their low surface brightness which
is correlated with their luminosity albeit with considerable scatter
(Caldwell 1983; Binggeli, Sandage, & Tarenghi 1984). However,
in some cases like the giant low surface brightness (LSB) galaxy
Malin I (Bothun et al. 1987), and galaxies having extended ultravi-
olet disks (e.g. Thilker et al. 2007), the need to distinguish between
low-surface brightness and low-luminosity galaxies mightbe more
critical than immediately intuitive.

The literature on low-luminosity, low surface brightness
galaxies is further complicated by incorporation of extensive jar-
gon over the decades. Although dwarf ellipticals (dEs), (dwarf) ir-
regulars ((d)Irr), dwarf spheroidals (dSph), dwarf spirals or lenticu-
lars (dS, dS0), blue compact dwarfs (BCDs), ultra-compact dwarfs
(UCDs), and little blue spheroids (LBS) all have their glorious pres-
ence in the extensive literature, it is often not obvious whether the
difference between these subpopulations of galaxies extend beyond
their morphology, or if one class is related to another or their giant
counterparts.

While dwarf ellipticals, which are predominantly found in
rich galaxy clusters, have received considerable attention in the
context of the dichotomy between dEs and giant ellipticals (e.g.
Kormendy 1985; Graham & Guzmán 2003; Kormendy & Bender
2012; Graham 2013, and references therein), and, more recently
for structure ‘hidden’ under the smooth radial profiles (Janz et al.
2012, 2013), other classes of low-luminosity galaxies havenot been
studied much beyond the local volume (. 10Mpc). This is partly
due to the lack of data and partly due to the low volume density
of these galaxies, which are hard to observe and easily missed
from observations focussing on interiors of galaxy clusters. Within
the local volume however, dwarf galaxies, especially the dwarf ir-
regulars have been well explored at the optical (e.g. Sharina et al.
2008; Herrmann, Hunter, & Elmegreen 2013) as well as the ultra-
violet wavelengths (Hunter, Elmegreen, & Ludka 2010). It ishow-
ever only with the advent of wide-angle sky surveys in the last
decade or so that it is finally possible to measure a sufficientvolume
of the local universe to sample large numbers of low-luminosity
stellar systems outside the extreme environments of clusters.

One such programme is the Galaxy and Mass Assembly sur-
vey (GAMA; Driver et al. 2011), which now provides a unique op-
portunity to analyse the properties of low-luminosity, lowsurface
brightness galaxies because of its very high volume (almost20 000
Mpc3) at low redshifts. The GAMA survey regions were not se-
lected on the basis of environment. With photometric and spectro-
scopic information for nearby galaxies in hand, in this project we
aim to:

• characterise the galaxies, especially dwarfs, residing away
from clusters,
• compare the intrinsic and physical properties of visually dis-

tinct galaxies with an aim to find evolutionary links betweenthem,
and
• determine the minimum number of classes which are required

to separate galaxies, especially dwarfs, into statistically distin-
guishable populations.

At this point we emphasise that our unique sample (8-87 Mpc)
helps in bridging the gap between studies of galaxies in the lo-
cal volume (. 10Mpc; Sharina et al. 2008; McConnachie 2012)
and statistical analyses of galaxies in rich clusters such as Virgo
(16.5Mpc) and Coma (∼ 100Mpc).

We characterise the dataset used in this paper and various se-
lection biases that may affect our analysis in the followingsection.
In §3 we explain the methods we used for classifying our sample:
(i) the visual classification scheme, (ii) the light profile fitting algo-
rithm which is used to quantify the morphology of galaxies through
structural parameters, and, (iii) the spectral energy distribution fit-
ting procedure used to estimate the star formation and dust proper-
ties of galaxies. We discuss the relation between various structural
parameters obtained from fitting the light profile in§4, and discuss
the star formation and dust properties of our sample in§5. Various
implications of our analysis on the stellar mass function ofgalaxies
and the unimodal nature of galaxies are discussed in§6, along with
the limitations of our analysis. We conclude with a summary of our
findings in§7.

All distances, magnitudes and masses in this paper are calcu-
lated under the assumption of aΛCDM concordance cosmological
model withH0 = 70 km s−1 Mpc−1, ΩΛ = 0.7 andΩm = 0.3.

2 DATA AND SAMPLE SELECTION

2.1 GAMA spectroscopic data

The Galaxy and Mass Assembly (GAMA) survey is a combined
spectroscopic and multi-wavelength programme that exploits vari-
ous ground-based and space-borne observing facilities to study cos-
mology and galaxy evolution. The GAMA spectroscopic campaign
is based on the Sloan Digital Sky Survey (SDSS; Data Release 7)
imaging complete tor = 19.8. The survey, after completion of
Phase II will have photometry in 20 wavebands, from far ultravi-
olet to radio, and, spectroscopic redshifts for∼ 300, 000 galaxies
(z . 0.25) in three equatorial regions, each measuring12 × 5
square degrees and two southern fields of similar size (Driver et al.
2011).

The surface brightness completeness limit for the GAMA sur-
vey is mainly driven by the SDSS imaging, and is important for
understanding some of the selection biases in our sample. Fainter
than this completeness limit the imaging data becomes unreliable.
Since the targets for the spectroscopic campaign for GAMA are se-
lected in ther-band, in Figure 1 we show the number distribution of
all the GAMA II sources withr 6 19.8, SURVEY CLASS> 1 and
VIS CLASS6 1 or = 255 (Baldry et al. 2010). The VISCLASS
parameter signifies the likelihood of an object for being a target for
spectroscopic follow-up. Many of the low-redshift targetsare clas-
sified as VISCLASS= 3, implying they are deblended part of a
galaxy, and are excluded from our analysis.

The bottom panel of Figure 1 shows the fraction of galaxies
with reliable redshifts (quality of redshift,nQ > 3; Baldry et al.
2010) in each bin of surface brightness, in this sample. As ex-
pected, the completeness fraction drops towards fainter surface
brightness and goes below 95% atµe > 24.2magnitude per
square arcsecond. This is in agreement with the median 1σ limit of
µe = 24.60magnitude per square arcsecond derived for GAMA
I (rcomplete = 19.4; Kelvin et al. 2012). Since we are mainly
dealing with low-luminosity and low-surface brightness galaxies

c© 2013 RAS, MNRAS000, 1–16



GAMA: Nature of the dwarf galaxy population 3

Figure 1. (Top) The number distribution of all GAMA II sources with
r 6 19.8 and reliable redshift.(Bottom) Redshift success rate for all
GAMA II galaxies as a function of surface brightness in bins of 1000 galax-
ies. The horizontal and vertical dashed lines represent 95%redshift com-
pleteness and surface brightness completeness limit ofµr = 23 magnitude
per square arcsecond adopted here (also for SDSS; see Blanton et al. 2005),
respectively.

in this paper, we adopt a conservative surface brightness complete-
ness limit ofµe = 23.0magnitude per square arcsecond, consistent
within the limit advocated in Blanton et al. (2005).

The sample used in this work is selected from the GAMA II
catalogue such thatnQ > 3 and0.002 < zTONRY 6 0.02 (see
Baldry et al. 2012, for details on the local flow correction).This
redshift range is optimally chosen to exclude galactic stars and en-
able visual classification of low-luminosity and low surface bright-
ness galaxies in the shallow imaging data from the SDSS. All im-
ages were visually inspected for any remaining artefacts, stars and
duplicates resulting in the final catalogue of 432 galaxies (includ-
ing those fainter thanµe = 23.0magnitude per square arcsecond)
which is used throughout this paper unless stated otherwise.

All magnitudes used in this work are corrected for galac-
tic extinction and K-corrected toz = 0 using kcorrz00v03
(Loveday et al. 2012) and GalacticExtinctionv02 data management
units for GAMA II. While GAMA II is 99% complete for galaxies
down tor = 19.8, Figure 1 shows that the surface brightness in-
completeness starts becoming significant at〈µ〉e> 24.2magnitude
per square arcsecond. This limit thus restricts the overallan-
gular size of the detected galaxies such thatµlimit = m +
2.5log(2πR2

limit), whereµlimit,m andRlimit are the limiting ef-
fective surface brightness, magnitude and limiting size for the sam-
ple, respectively (see Graham & Driver 2005, for a detailed deriva-
tion of the formula).

2.2 TheViking data

The VISTA Kilo-degree Infrared Galaxy survey (Viking) will
cover 1,500 square degrees of sky in five broadband filters
(Z, Y, J,H,Ks) with the 4.1 metre Visible and Infrared Survey
Telescope for Astronomy (VISTA), located at the Paranal Obser-

vatory in Chile. TheViking data has2× better resolution (0.6′′),
and depth approximately two magnitudes deeper than the SDSS.

Since the GAMA parent sample was selected in ther-band,
while here we choose to present the analysis in theVikingZ-band,
we need to evaluate the limiting values for all parameters intheZ-
band. The difference between the SDSSr-band and theVikingZ-
band magnitudes for our sample galaxies is in the range−1.69 <
mr −mZ 6 1.96, with a mean difference of 0.31 magnitude and
standard deviation of 0.36 magnitude, respectively. For∼ 95% of
the galaxies with data in both wavebands, the mean difference in
the effective surface brightness within the effective radius is 0.35
magnitude per square arcsecond. Based on the above mentioned
differences, in the following we assume a limiting effective surface
brightness ofµlimit = 22.65 magnitude per square arcsecond. The
limiting magnitudemlimit = 19.5mag at ourzmax = 0.02 in the
Z-band translates toMZlimit = −15.

2.3 Environment of galaxies

As we discuss in Section 1, most previous studies of low-luminosity
galaxies focus on the dense environment of rich galaxy clusters.
There are however, no massive clusters or groups in any of the
three equatorial GAMA regions atz 6 0.02 as demonstrated by the
redshift distribution of GAMA galaxies in figure 5 of Baldry et al.
(2012). In order to quantify environment for our sample, we also
made use of the GAMA group catalogue (Robotham et al. 2011).
However, due to the high lower redshift limit of this catalogue, the
clustering information based on the friends-of-friends method is
only available for a subsample of 263 of our galaxies atz > 0.01.
Of these 263, 11 galaxies are found in groups with multiplicity > 3,
and another 25 are in pairs.

Together, these properties demonstrate that the galaxies in our
sample avoid the very dense cluster environments typical ofmost
previous dwarf galaxy samples. This does not however imply that
they are entirely isolated, but do satisfy our aim to determine the
properties of galaxies evolving away from the influence of dense
environments.

3 METHODOLOGY

We adopt three independent methods for the classification ofgalax-
ies: visual classification based on inspecting the five-colour SDSS
images, quantitative structural analysis based on the modelling of
the light profile of galaxies, and star formation propertiesobtained
by fitting the spectral energy distribution of galaxies. We describe
each of these methods below.

3.1 Visual classification of galaxy morphology

The visual appearance of galaxies has historically been used to un-
derstand their evolutionary sequence and formation mechanisms
by separating them into classes. The Hubble tuning fork diagram
(Hubble 1926), for instance is in use to the present day. The Hub-
ble sequence, which was designed to be an evolutionary sequence
in morphological types, can also be interpreted as a sequence in
gas content, mass, and bar structure of galaxies, all of which are in
a symbiotic relationship with their global star formation rate (SFR)
and dynamic environment.

One of our key motivations for this project is to test if galaxies
that can visually be classified into separate classes, are statistically
distinguishable in other properties, indicative of an evolutionary

c© 2013 RAS, MNRAS000, 1–16



4 Mahajan et al.

Figure 2. Montage of representative galaxies from each of the six visually identified morphology classes. The GAMA II ID and class are shown at the top of
each image followed by its objID from SDSS(DR7).

link between them. To accomplish this, Mahajan visually classified
the five colour SDSS images of all galaxies (0.0026z60.02) five
times, classifying them into six categories as detailed below. In this
redshift range the physical resolution of the SDSS images isaround
0.05 − 0.48kpc. The classification scheme was designed without
any presumptions about how many categories were required. In
other words, a new category was created based on the imaging data
if there appeared to be galaxies which shared common traits in their
appearance, but did not fit into any of the existing classes. Maha-
jan, Driver and Drinkwater also visually classified the three-colour
images in thegiH wavebands. On average, the various classifiers
agreed 80% of the time with the low-surface brightness galaxies
and blue spheroids with red centres appearing as the most doubtful
cases. Amongst different types, different classifiers disagreed with
themselves and with each other for galaxies mostly classified as
irregulars; a non-negligible fraction of the irregular galaxies were
equally likely to be classified as an LSB or a blue spheroid.

The visual classification scheme was designed to categorise

all galaxies using their broadband colour and morphology. Where
possible however, broadband colour was not accounted for inorder
to simplify the morphology classification scheme (Figure 2). The
different classes and total number of galaxies in each classare:

• Elliptical (E; 21): Galaxies which are morphologically ellip-
tical in shape. They are mostly red in colour.
• Spirals (Sp; 47):Galaxies showing well-defined spiral arms or

clearly identifiable edge-on disks. These galaxies often show con-
spicuous signs of ongoing star formation, such as HII regions, and
stellar associations forming spiral arms.
• Lenticulars (L; 26):Red, disk galaxies with a resolved nu-

cleus. These galaxies are mostly big and bright, occasionally show-
ing signs of some ongoing star formation in rings around nucleus,
or low surface brightness disks without spiral arms.
• Blue spheroidals (BSph; 73):Colour plays a key role in suc-

cessfully identifying these galaxies. They are very blue and gener-

c© 2013 RAS, MNRAS000, 1–16
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ally compact spheroids, morphologically similar to small elliptical
galaxies or bulges of spiral galaxies.
• Low surface brightness (LSB; 69) galaxies:These extended

objects show very poor contrast with the background in the five-
band SDSS imaging. We note that a substantial fraction of these
galaxies may have been misclassified due to the very shallow imag-
ing data used here. Many of these galaxies may also be classified
as irregular, and as we will show below, these two classes overlap
in most of the parameter space explored here.
• Irregulars (Irr; 196): All confirmed extended sources that do

not belong to any of the above categories.

Some representative examples from each of the six classes are
shown in Figure 2.

We did not use luminosity in our classifications and avoided
labelling galaxies as dwarfs or giants based on appearance alone
because the angular size of galaxies is a function of redshift. How-
ever, the resulting classifications were a strong function of lumi-
nosity with the last three classes listed above (BSph, LSB and Irr)
dominating the low luminosity galaxies (as shown in Figure 7). The
mean fraction of these galaxies in the whole sample is 78 per cent,
with the fraction increasing from zero atMZ ∼ −20 to 100 per
cent atMZ ∼ −16; it reaches the mean fraction at a luminosity of
MZ = −18.5. This is equivalent to theMr ∼ −18mag limit for
dwarf galaxies discussed above. We therefore refer to galaxies with
MZ > −18.5 collectively as dwarfs in order to make the following
discussions more concise, unless stated otherwise.

3.2 Structural investigation of galaxy morphology with
model analysis(SIGMA)

SIGMA (Kelvin et al. 2012) employs a range of image analysis soft-
ware and logical filters to perform structural analysis on aninput
catalogue of galaxies. At the heart ofSIGMA liesSOURCE EXTRAC-
TOR (Bertin & Arnouts 1996),PSF EXTRACTOR(PSFEX; Bertin
2011) andGALFIT 3 (Peng et al. 2010), which are aided by ad-
ditional packages in the fitting process. Detailed explanations for
various packages and their respective roles in the fitting process
are given by Kelvin et al. (2012).SIGMA only requires the image
and the position of the primary galaxy therein as an input. Itthen
outputs magnitude, fitted sky background and the fit parameters de-
scribed below.

GALFIT fits a single Sérsic function to each primary galaxy
with seven free parameters: object centresx0 and y0, total inte-
grated magnitudemtot, effective radius along the semi-major axis
Reff , Sérsic indexn, ellipticity and position angle. Secondary ob-
jects in the image are modelled by either a single Sérsic function
or a scaled point spread function (PSF) for stars, as appropriate.
The PSF comprises three free parametersx0, y0 andmtot. See
Peng et al. (2010) for more information on the fitting process. A
single Sérsic function which describes the light profile ofa galaxy
as a function of its radius is given by the Sérsic equation

I(r) = Ieexp

[

−bn

(

(

r

Reff

)1/n

− 1

)]

, (1)

whereI(r) is the intensity at radiusr, Ie is the intensity at the
effective radiusReff , the approximate radius containing half of
the total light, andn is the Sérsic index which determines the shape
of the light profile of a galaxy. The value ofbn is a function of
the Sérsic index. A large number of profile shapes can be fitted by
varyingn; n = 0.5 gives a Gaussian profile,n = 1 an exponential
profile suitable for galaxy discs, andn = 4 a de Vaucouleurs profile

mostly associated with spheroids such as giant elliptical galaxies
(see Graham & Driver 2005, for a detailed description of the Sérsic
model). The quality of fits can be judged from Figure 3, which
shows a typical example of fitted light profile for each morphology
class discussed above. Although> 91% of our sample galaxies are
fitted well by SIGMA, the single component Sérsic model does not
fit the centre of the nucleated larger galaxies, spirals and lenticulars,
well. The number of galaxies in each morphology class whose light
profile could not be adequately fitted bySIGMA are presented in
Table 1. We note that some of the galaxies may have more than
one issue and hence are counted more than once for this table.We
discuss some limitations of the single component Sérsic model and
its impact on the presented analysis further in§6.4.

It is however notable that only 2/21 elliptical galaxies in
this GAMA sample may require a nuclear component, suggest-
ing that in contrast to the (dwarf) elliptical galaxies in clus-
ters (Thomas, Drinkwater, & Evstigneeva 2008), most of the low-
luminosity elliptical galaxies are not nucleated (also seeOh & Lin
2000).

No explicit constraints are placed on the parameters fitted by
SIGMA. However,GALFIT has an internal limitation for Sérsic in-
dex such that0.05 < n < 20, where the lower limit is a ‘soft’ limit
and the upper bound is a hard limit (Kelvin et al. 2012).

3.3 Multi-wavelength Analysis of Galaxy Physical Properties
(MAGPHYS)

The spectral energy distribution of all the galaxies in our sample
was fitted using the Multi-wavelength Analysis of Galaxy Physical
Properties (da Cunha, Charlot, & Elbaz 2008,MAGPHYS). The 18
band photometry was derived from cross-matching a number ofdis-
tinct catalogues which include: the far ultraviolet (FUV ) and near
ultraviolet (NUV ) GALEX data (GalexMainv02; bestmagnuv,
bestmagerrnuv, bestmag fuv, bestmagerrfuv; see Seibert et
al. in prep); the aperture matchedu − K photometry (Ap-
Matchedv04; Kron aperture matched photometry using SExtrac-
tor, see Hill et al. (2011) for details); publicly availableWISE data
(Wright et al. 2010, http://irsadist.ipac.caltech.edu/wise-allsky/;
w(1,2,3,4)mpro and w(1,2,3,4)sigmpro), and bespoke measure-
ments from the Herschel-Atlas SPIRE observations (18BandPho-
tometryv01) using ther-band defined apertures convolved to the
relevant SPIRE band point-spread function, and taking careto ap-
portion flux from overlapping targets as described in Appendix A1
of Bourne et al. (2012). A full description of the analysis ofthe as-
sembly of these data will appear in Driver et al. (2014, in prep).

To overcome the background confusion level and the bright
high redshift interlopers in the SPIRE bands, measurementswere
also made in apertures of identical area to the target galaxies but
placed at random locations across the SPIRE data (Driver et al.
2014, in prep). The mean flux in the random apertures were then
subtracted from the flux measured at the location of the target
galaxy, and a flux error assigned based on the quadrature combi-
nation of the remaining measured target flux and the varianceof
the random measurements.

The 18 band measurements were then converted
from magnitudes to Janskys and fed intoMAGPHYS

(da Cunha, Charlot, & Elbaz 2008).MAGPHYS then compares
the data to an extensive library of stellar population and dust
templates to derive fundamental measurements given flux mea-
surements, the redshift and the known filter-set. For each galaxy,
MAGPHYS provides both best-fit values for derived parameters,
and marginalised median and quartile values. Here we adopt the

c© 2013 RAS, MNRAS000, 1–16
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6 Mahajan et al.

Figure 3. The surface brightness fits in the VIKINGZ-band for some of the galaxies in our sample.(left to right from top:)An elliptical, spiral, lenticular,
irregular, blue spheroid and low surface brightness galaxy, respectively. Each panel shows(clockwise from top left:)the original VikingZ-band image, Sérsic
model, 1D light profile (with residuals: image-model at the bottom), residual image and, ellipses centred on the primarygalaxy used for estimating the light
profile along with masked objects, respectively.

Table 1.Success rate forSIGMA andMAGPHYS fitting for different morphological classes.

Class→ Elliptical Lenticular Spiral BSph Irr LSB
Number (Percentage) of galaxies in each class→ 21 (4.86) 26 (6.01) 47 (10.88) 73 (16.89) 196 (45.37) 69 (15.97)
Issues↓

SIGMA fails to fit the centre of the galaxy 2 8 21 15 7
SIGMA fails to fit the outskirts of the galaxy 4 4 6 16 3
SIGMA fits a profile with∆µ > |0.2| in at least one bin 2 5 7 2 18 6
SIGMA fails to fit a surface brightness profile 1 8 13 5
Companion object(s) interfering with the light profile fitting 2 1 2 12 3
MAGPHYS fit not good 1 1 5 5 1
MAGPHYS fails to fit the SED 1 1

median and quartile values (which on occasion may lie signifi-
cantly adrift from the best-fit values), for the following parameters:
stellar massM∗, dust massMdust, star formation rate and the
specific star formation rate.

4 THE STRUCTURAL PARAMETERS OF
MORPHOLOGICALLY DISTINCT GALAXIES

In this section we analyse the relation between various structural
properties of galaxies estimated by fitting their light profile in the
VikingZ-band with a single component Sérsic model.

In order to test if the visual morphology of a galaxy is asso-
ciated with its light profile, in Figure 4 we show the distribution
of different morphological classes in surface brightness and Sérsic

c© 2013 RAS, MNRAS000, 1–16



GAMA: Nature of the dwarf galaxy population 7

Figure 4. (a) The Sérsic indexn is shown as a function of the effec-
tive surface brightness〈µ〉e for morphologically distinct galaxies in our
GAMA II sample. Different morphological classes are represented by dif-
ferent colours and symbols as per the legend, and measurement uncertain-
ties are shown for all classes except the LSBs to maintain clarity. The verti-
cal dashed line represents the surface brightness completeness limit for our
sample in theZ-band. (b) The same, but shown as a function of the con-
centration index(R90/R50)r . These figures show that albeit with a huge
scatter, the effective surface brightness is correlated with the light concen-
tration of galaxies, and the correlation betweenn and〈µ〉e seen in the upper
panel is not a result of parameter coupling in the Sérsic model.

index. Although there is almost an order of magnitude of scatter
in n at any〈µ〉e, a trend is clearly visible, such that higher sur-
face brightness galaxies have higher stellar concentration towards
the centre. In the bottom panel of Figure 4, we show the same
replacingn with the concentration index(R90/R50)r, whereRx

is the Petrosian radius containingx% of the galaxy’s light in the
r-band. Together, these figures show that the correlation between
n and〈µ〉e does not result from parameter coupling in the Sérsic
model.

Several authors have suggested a correlation between the
physical radius andn for luminous elliptical and lenticular galax-
ies, as well as dEs in clusters (e.g. Caon, Capaccioli, & D’Onofrio
1993; Caon & Einasto 1995; Young & Currie 1995). Even though
our sample does not include classicaln = 4 ellipticals, in Figure 5
we find a similar correlation for the bulge-dominated galaxies in
this sample. It is particularly interesting that the star-forming blue
spheroids form a continuous distribution with the passively evolv-

Figure 5. The Sérsic indexn as a function of the effective radiusReff for
(a) disk-dominated, and (b) bulge-dominated galaxies, respectively. Unlike
then-log Reff correlation presented in the literature (see text), and seen
here for the bulge-dominated galaxies, we do not find any apparent trend
between logReff andn for non-spheroidal galaxies.

ing lenticulars in the n-Reff plane such that the product moment
correlationr = 0.414, while including ellipticals slightly worsens
the correlation withr = 0.365 (Figure 5(b)). Figure 5(a) shows
that although spiral galaxies are somewhat disjoint from the rest
of the ensemble, none of the disk-dominated categories (Spirals, Ir-
regulars and LSBs) show any apparent trend in this parameterspace
(r = 0.134). Some of the intrinsic scatter within each morphologi-
cal class may be due to the measurement uncertainties, or theinca-
pability of the single component Sérsic model to fully represent the
stellar distribution in low-mass, faint galaxies represented by the
irregulars, blue spheroids and LSBs. However, since the fraction
of galaxies in each class where the light profile is not estimated
properly is small (Table 1), we claim that the lack of a correlation
betweenReff and 〈µ〉e for non-spheroidal galaxies is real. The
limitations of our data and methodology are discussed further in
§6.4.

Figure 6 shows the distribution of morphologically distinct
galaxies in the plane spanned by effective surface brightness and
the effective radius. As in Figure 4, the different classes split into
distinct populations, but with considerable overlap. We quantify
this observation using the Kolmogrov-Smirnov (K-S) statistical
probability for various parameters for all pairs of visually distinct
galaxies in Appendix A. Table A5 forReff shows that ellipticals
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Figure 6. Effective radius,Reff as a function of the effective surface
brightness withinReff , 〈µ〉e for all galaxies. The symbols and colours are
same as in Figure 4, and the vertical dashed line is the surface brightness
limit for our sample. The different locus of various morphological types
shows the unconscious bias affecting visual classification.

Figure 7.Effective radius,Reff as a function of theZ-band magnitude for
galaxies in our sample. The symbols and colours are same as inFigure 4.
The vertical dashed lines represents the limiting magnitude for our sample.
This figure shows that albeit with some scatter, all galaxiesshow a mono-
tonic relation betweenReff and luminosity, such that the more luminous
galaxies tend to be larger. At lower luminosities, LSBs tendto be larger than
the blue spheroids and the irregulars, while at the bright end, spirals have
largerReff relative to the lenticulars.

are likely to have a statistically similar range inReff to all types of
galaxies except spirals and lenticulars. The LSBs and irregulars are
also likely to have similarReff distributions. Table A8 on the other
hand shows that the〈µ〉e distributions are statistically different
for all types of galaxies except ellipticals, which show statistically
similar distribution to spirals as well as blue spheroids. Without
the visual classification however, the sample fails to segregate into
distinct population. Such a lack of correlation between〈µ〉e and
Reff has previously been observed among luminous galaxies (e.g.
Boyce & Phillipps 1995).

Figure 7 shows the distribution of the galaxies in theZ-band
magnitude andReff plane. This figure adds strength to the above
argument, by showing that the morphologically distinct galaxies
have a distinct locus in the 3D space mapped by absolute magni-
tude, surface brightness and effective radius, butthey all form a

Figure 8. Sérsic index of galaxies as a function ofMZ . The vertical line
marks the magnitude limit for our sample, and symbols and colours are
same as in Figure 4. While giant galaxies seem to segregate bymorphologi-
cal type, the low-luminosity galaxies form a unimodal population. It is note-
worthy that the unimodality of the low-luminosity galaxiesis not entirely a
consequence of the measurement uncertainties in the estimated parameters,
shown for all galaxies except the LSBs (see Table 2).

continuous distribution in this parameter space representing mass
and angular momentum.

A similar trend continues in the plane spanned by absolute
magnitude (MZ ) andn. As shown in Figure 8, giant galaxies split
into two branches, the passively evolving lenticulars at the high-n
end (n > 2), and spirals at low-n (n . 1). The dwarfs on the other
hand do not show any trend in this space with LSBs, irregulars
and blue spheroids forming a single ‘clump’ in the dwarf regime
(MZ > −18). The product moment correlation for the entire sam-
ple in this plane isr = −0.210, which reduces to a negligible
−0.065 when only dwarfs are considered. The K-S statistic sug-
gests that among dwarfs, blue spheroids and ellipticals, and irreg-
ulars and LSBs show statistically similar distributions inn (Ap-
pendix A). Then distribution of spiral galaxies is also statistically
similar to irregulars and LSBs.

Together, Figures 4 to 8 show that while Sérsic index is a good
quantitative representation of the morphology of luminousgalax-
ies, it is not an effective measure for dwarfs, even at the lowredshift
(z 6 0.02) considered here.

Figure 9 shows the bivariate brightness distribution (BBD)for
our sample in theMZ -〈µ〉e(µ0) planes. It is remarkable how dif-
ferent morphological classes segregate into distinct spaces in the
plane mapped by the (central/effective) surface brightness and ab-
solute magnitude, but link to form a continuum across the entire
range. This is reflected in the K-S statistical probabilities for differ-
ent types of galaxies showing the distribution of〈µ〉e, µ0 and mag-
nitude to be drawn from the same parent population. AppendixA
shows that the distributions of〈µ〉e andµ0 are different for all com-
binations of visually distinct galaxies except the ellipticals and blue
spheroids, and, ellipticals and spirals. It is interestingthat this trend
is seen in the more commonly usedµ0 and not just in〈µ〉e, because
〈µ〉e can be measured more robustly relative toµ0 whose measure
is strongly affected by the quality of seeing (Graham & Guzm´an
2003; Boselli et al. 2008).

The giant galaxies in Figure 9 split into two sequences, one
of star-forming spirals and the other formed by lenticulars. The
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Figure 9. (a) Central surface brightness and (b) effective surface brightness,
respectively as a function ofMZ for our sample. The symbols and colours
are as in the legend. The vertical dashed line marks the limiting magni-
tude for our GAMA II sample. For the central surface brightness(top), the
horizontal dashed lines represent the expected values corresponding to the
Sérsic index, n= 1 and4 using the formulae derived by Graham & Driver
(2005). In thebottompanel the horizontal line represents the surface bright-
ness completeness limit for our sample.

lenticulars in particular have statistically distinctivedistribution of
〈µ〉e relative to all other types of galaxies (Appendix A). At a
given magnitude, spirals on an average have〈µ〉e fainter by around
two magnitudes per square arcsecond than the lenticulars, and µ0

fainter by around four magnitudes per square arcsecond, respec-
tively.

To summarise, in this section we have shown that although
morphologically distinct galaxies have different centroids and sta-
tistically different distributions in many of the 2D parameter spaces
mapped by luminosity and the structural parameters, the different
classes especially among the dwarf galaxies overlap significantly.
Table 2 shows the mean, standard deviation and the standard er-
ror on mean for〈µ〉e, µ0, Reff andn, respectively for different
morphological types. Table 2 shows that despite being empirically
distinctive, the distributions of structural parameters of visually dis-
tinct galaxies are very broad and overlap extensively, eventhough
the measurement uncertainties are negligible relative to the scatter
within each class. The broad width of the distributions, specifically
of Reff andµ0 (i) may be an indication of different evolution histo-
ries of morphologically similar galaxies, or, (ii) a resultof an artifi-
cial categorisation of a continuous galaxy morphology distribution

into discontinuous classes. The same however may also indicate (i)
the inefficient modelling of the light profile for some structural pa-
rameters such asµ0 (Table 1; also see§6.4), and, (ii) uncertainty
in our visual classification of the low-luminosity galaxies. Better
imaging data and multi-component modelling of light profileare
required to confirm this.

5 STAR FORMATION AND DUST IN
MORPHOLOGICALLY DISTINCT GALAXIES

With the aim of getting further insight into the differencesbetween
morphologically distinct galaxies, we fitted the multi-band photom-
etry available for most of our sample, withMAGPHYS (§3.3). Here
we describe how morphologically distinct galaxies behave in the
parameter space formed by the star formation and dust properties
of galaxies.

Figure 10 shows the well-known trend in the star formation
rate (SFR) withM∗, viz., SFR increases, while specific SFR,
SFR/M∗ (sSFR henceforth) decreases with increasing stellar mass
of galaxies, respectively. In this sample spanning almost four orders
of magnitude inM∗, once again the star-forming and passive giant
galaxies occupy very different ranges in both,M∗ and sSFR. Since
our sample does not include clusters (§2), it is unsurprising that the
visually identified elliptical galaxies are mostly low-mass ellipti-
cals ((d)ellipticals, henceforth) and not the classic giant ellipticals
dominating the cores of rich clusters.

As an ensemble all dwarf galaxies (M∗/M⊙ . 109) show
steadily increasing SFR withM∗. The K-S statistic suggests that
the distribution ofM∗ for all except the irregulars and blue
spheroids, and SFR for all except the lenticular and (d)ellipticals,
and lenticulars and LSBs, respectively are statistically different
(Appendix A). The sSFR distribution on the other hand is simi-
lar for the irregulars, blue spheroids and the LSBs, therebyshow-
ing a unimodality among the star-forming dwarf galaxies. Some of
this overlap in the star formation properties of dwarf galaxies may
however be a result of the scatter within each morphologicalclass
as suggested by the mean and standard deviations for the distribu-
tions of SFR, sSFR,M∗ andMdust for visually distinct galaxies
(Table 3).

If a galaxy has spent most of its life away from the influence
of cluster and large groups, it may be assumed that the phase of
its passive evolution begins once it runs out of all the cold gas
which would have fuelled star formation. Under these assumptions,
Figure 10 qualitatively indicates that large spiral galaxies such as
those probed here, turn into passively evolving lenticulars, while
the low-mass galaxies may turn into small red (d)ellipticals. This
observation is based on the distribution of galaxies in bothpanels
of Figure 10, where the (d)ellipticals appear in the same mass range
as star-forming dwarf galaxies, but with extremely low starforma-
tion.

Figure 11 shows the distribution of our galaxies with UV data
on the(NUV −r) versusMz colour magnitude diagram. The UV-
optical colour of (d)elliptical galaxies shows that at fixedluminos-
ity, they are on average redder than their counterparts, while all the
other dwarf galaxies form a unimodal population. In the highlumi-
nosity regime on the other hand, the lenticulars and spiral galaxies
clearly segregate, such that the lenticulars are on averagearound
2.5 magnitude redder than the spiral galaxies. This figure further
strengthens the above hypothesis that a star-forming dwarfgalaxy
(LSB, irregular or blue spheroid) may evolve into red (d)elliptical,
while a spiral galaxy will turn into a lenticular.
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Table 2.Mean (standard deviation) and the standard error on mean of the distribution of structural parameters for different morphological classes.

Class→ Elliptical Lenticular Spiral BSph Irr LSB
Parameter↓

µ0 (mag/sq arcsecond) 17.95(5.45) ± 1.19 14.20(2.02) ± 0.40 19.25(1.51) ± 0.22 19.10(3.20) ± 0.37 20.18(3.95) ± 0.28 21.15(3.45) ± 0.41
〈µ〉e(mag/ sq arcsecond) 22.06(1.64) ± 0.36 20.37(1.07) ± 0.21 21.59(1.02) ± 0.15 22.19(0.96) ± 0.11 22.63(1.01) ± 0.07 23.79(1.31) ± 0.16

Reff (kpc) 5.21(4.11) ± 0.90 9.43(6.56) ± 1.29 19.91(12.24) ± 1.78 3.36(2.68) ± 0.31 6.03(5.05) ± 0.36 5.74(4.30) ± 0.52
n 2.05(2.95) ± 0.64 3.01(1.13) ± 0.22 1.24(0.56) ± 0.08 1.59(1.70) ± 0.20 1.29(1.68) ± 0.12 1.37(1.57) ± 0.19

Figure 10. (a) sSFR and (b) SFR of different types of galaxies as a function of logM∗. The symbols and colours are the same as in Figure 4. All parameters
shown here are the medians of the PDFs obtained for the corresponding parameter from the spectral energy distribution fitting usingMAGPHYS (see text). The
lower and upper uncertainties represent the 16th and the 84th percentiles of the PDFs, respectively.

In Figure 12 we analyse the dust mass of galaxies in our sam-
ple as a function ofM∗ and the total SFR, respectively. Although
with considerable scatter, the sample shows a trend of increasing
dust massMdust, with M∗, and SFR. As expected, spiral galaxies
have the highest SFRs and dust masses at fixedM∗ (also see Ta-
ble 3). The lenticulars on the other hand, have at least an order of
magnitude lowerMdust at fixedM∗, and several orders of magni-
tude lower SFRs on average. K-S test probabilities (Appendix A)
suggest that the distribution ofMdust for (d)ellipticals is statisti-
cally similar to irregulars and blue spheroids, while that of the latter
two is similar to LSBs as well.

The star-forming dwarf galaxies; irregulars, blue spheroids
and LSBs, show a monotonic increase inMdust with M∗ and SFR,
but no apparent trends segregating different classes. At fixedM∗,
(d)ellipticals have lowestMdust. This trend however reverses with
SFR, such that at fixed SFR (d)ellipticals have the highest dust
masses relative to other dwarf classes. In the SFR-Mdust space,
(d)ellipticals mark the lower limit of passively evolving galaxies in
Mdust.

If we assume that dust is not easily destroyed in galaxies, and
that galaxies can not produce dust once their star formationturns
off, the trend seen in Figure 12(a) suggests that the dwarf galax-
ies will turn into (d)ellipticals as they age. On the other hand if
Mdust in the giant spiral galaxies is fixed when star formation
turns off, they will fade into the lenticular class identified here. The
fact thatMdust of lenticulars is on average a magnitude lower than
the spirals does not contradict this hypothesis because star-forming
galaxies tend to loose dust via outflows such as supernovae explo-

sions during their “active” phase. Therefore the total dustmass of a
galaxy towards the end of its star-forming phase is likely tobe less
than at the peak of its star formation activity. These observations
thus imply that star-forming dwarf galaxies may have evolved into
(d)ellipticals, while lenticulars succeed star-forming spirals.

To summarise, the star formation and dust properties derived
from MAGPHYS efficiently separate giant galaxies into spirals and
passively evolving lenticulars, but fail to distinguish the morpho-
logically distinct star-forming dwarf classes. This is likely a conse-
quence of intrinsic scatter within each class and not the measure-
ment uncertainties as indicated by Table 3. The (d)ellipticals on the
other hand, span a distinguishable range of SFR and sSFR relative
to other galaxies of similar luminosity.

6 DISCUSSION

6.1 Stellar mass distribution for different morphological
types and a comparison with the cluster environment

In Figure 13 we show the stellar mass function for all the galaxies
in our sample, function corresponding to different morphological
classes and a representative function for cluster galaxies. The clus-
ter mass function was presented by Baldry, Glazebrook, & Driver
(2008, see their figure 7) for clusters in the RASS-SDSS galaxy
cluster survey (Popesso et al. 2006). Using the relation given by
Taylor et al. (2011) for our sample complete toMZ = −15 at z =
0.02, the stellar mass completeness ranges from7.15 6logM∗ 6

7.99, corresponding to0 6 (g− i) 6 1.2. The upturn at logM∗ <
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Table 3.Mean (standard deviation) and the standard error on mean of the distribution of star formation and dust properties for different morphological classes.

Class→ Elliptical Lenticular Spiral BSph Irr LSB
Parameter↓

log SFR (M⊙yr−1) −2.20(0.77) ± 0.17 −2.03(0.75) ± 0.15 −0.65(0.64) ± 0.09 −1.83(0.57) ± 0.07 −1.74(0.69) ± 0.05 −2.05(0.56) ± 0.07
log SFR/M∗ (yr−1) −10.84(0.81) ± 0.18 −11.89(0.93) ± 0.18 −9.60(1.00) ± 0.14 −9.42(0.73) ± 0.08 −9.28(0.71) ± 0.05 −9.30(0.66) ± 0.08

log M∗(M⊙) 8.55(0.58) ± 0.13 9.86(0.47) ± 0.09 8.95(0.92) ± 0.13 7.68(0.64) ± 0.07 7.63(0.54) ± 0.04 7.41(0.45) ± 0.05
log Mdust(M⊙) 5.02(0.64) ± 0.14 6.06(0.65) ± 0.13 6.41(0.75) ± 0.01 4.74(0.66) ± 0.08 4.85(0.65) ± 0.05 4.64(0.64) ± 0.08

Figure 12. (a) Dust mass in different types of galaxies as a function ofM∗ and (b) the total SFR, respectively. All quantities plottedare determined from
spectral energy distribution fitting usingMAGPHYS (see text). The symbols and colours are the same as in Figure 4. The plotted values are the median, while
uncertainties are the 16th and the 84th percentile values obtained from the probability distribution function for all the parameters for each galaxy, respectively.

9 seen in clusters (also see Jenkins et al. 2007; Yamanoi et al.2012,
and references therein) is apparent in our GAMA sample as well,
consistent with other comparisons of galaxy stellar mass function in
different environments (Baldry, Glazebrook, & Driver 2008). The
low-mass upturn in clusters is evidently steeper than for our GAMA
mass function, suggesting that the slope of the mass function at
the low-mass end is environment-dependant. Note, however,that
the cluster distribution is derived by statistical subtraction of back-
ground galaxy counts.

There is also a marked difference in the galaxy populations
which contribute to the low-mass branch of the mass function. It
is noteworthy that in the environments probed here, LSBs, blue
spheroids and irregulars, all of which are forming stars (Figure 10),
dominate at logM∗ < 9, while in clusters this branch is mostly
populated by passively evolving dEs. Deep, spectroscopic data ho-
mogeneously sampling different environments are thus required to
confirm the differences seen in the faint-end slope of the mass func-
tion for different environments.

6.2 The bivariate brightness distribution: A comparison with
literature

Generically speaking, galaxies should be describable
using two independent parameters (Brosche 1973;
Kodaira, Okamura, & Watanabe 1983). While several com-
binations of such parameters have been explored in litera-
ture (e.g. Caldwell 1983; Kodaira, Okamura, & Watanabe
1983; Binggeli, Sandage, & Tarenghi 1984; Kodaira 1989;

Young & Currie 1995; Prugniel & Simien 1997), the bivariate
brightness distribution (BBD) appears to be the most enlightening
in the context of structural evolution of galaxies during their life
cycle. The BBD showing the natural morphological segregation
of Virgo cluster galaxies in the space mapped by central surface
brightness and absolute magnitude has been shown by several
authors (Caldwell 1983; Binggeli, Sandage, & Tarenghi 1984;
Kormendy 1985; Binggeli 1994). From these seminal works, in
Binggeli’s words, “TheM − µ diagram for stellar systems might
well become the equivalent of the HR diagram for stars”.

In this work, the BBD in its two forms comparable to
Binggeli’s figures is shown in Figure 9. The first conclusion that
can be drawn from these figures is that the effective surface bright-
ness within the effective radius is directly correlated with luminos-
ity. This is an intuitive, yet non-obvious inference. In other words,
low-luminosity, high surface brightness galaxies (e.g. M60-UCD1;
Strader et al. 2013), and luminous, low surface brightness galaxies
like Malin I (Bothun et al. 1987) are very rare.

In the environments probed here, the giant galaxies split into
two categories such that the high surface brightness branchcom-
prises red and passively evolving lenticular galaxies (Figures 10
and 11). The low surface brightness branch on the other hand is
made up of star-forming spiral galaxies. The dwarfs do not show
a trend with luminosity; rather each class of dwarf galaxiesspans
the same range of luminosity but the effective surface brightness
increases between classes, in increasing order: LSBs, the irregulars
and the blue spheroids (also see Table 2). This trend is visible with
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Figure 11.NUV −r colour as a function of thez-band absolute magnitude
for all galaxies in our sample. The symbols and colours are the same as in
Figure 4. The dashed horizontal line atNUV −r=5.4 is the lower limit for
the passively evolving early-type galaxies in the SDSS (Schawinski et al.
2007), while the vertical dashed line marks the magnitude completeness
limit of our sample. This figure shows that the passively-evolving lenticu-
lars are on average around2.5 magnitude redder than the spiral galaxies of
similar luminosity. In the low-luminosity regime however,all dwarf galax-
ies except the ellipticals form a unimodal population. The ellipticals on av-
erage are redder than all other dwarfs of similar luminosity.

Figure 13. The stellar mass function of galaxies derived for in-
dividual morphological classes, the composite for the entire sam-
ple, and the composite of cluster galaxies based on the luminosity
function derived by Popesso et al. (2006) and converted toM∗ by
Baldry, Glazebrook, & Driver (2008). The mass function for cluster galax-
ies was scaled down by a factor of five to aid in comparison. Poissonian
uncertainties are shown for the composite mass function forGAMA II
sample. While an upturn atlogM∗ < 9 is apparent in both samples, the
low-mass end in clusters rises more sharply compared to the environments
probed by our GAMA sample. It is also evident that the low-mass branch
in the GAMA sample is mainly populated by the LSBs, Irregulars and blue
spheroids, while in clusters dEs are more prominent at this end.

µ0 and〈µ〉e, although the segregation and mild trend with lumi-
nosity is more obviously seen with the latter.

Most of the literature following the papers published in the
early 1980s either concentrated on resolving the dichotomybe-
tween giant and dwarf elliptical galaxies (e.g. Graham & Guzmán
2003; Kormendy & Bender 2012; Graham 2013, and references
therein), or the evolutionary sequence from bulges of spiral galaxies

to dwarf ellipticals (e.g. Boselli et al. 2008; Toloba et al.2011, and
references therein). But since dwarf ellipticals have predominantly
been discovered in nearby rich clusters such as Virgo and Coma,
all such papers are somewhat related to the impact of environmen-
tal processes in clusters on the structural properties of galaxies. Our
work in this paper, on the other hand, gives a complimentary view
of galaxy properties, particularly dwarfs, in environments outside
rich clusters.

6.3 On the issue of statistically distinct populations of
galaxies in the local Universe

One of our primary aims was to objectively test how many distinct
classes are required to classify the nearby galaxy population, as op-
posed to the number of classes we inferred from our visual classifi-
cations. As shown by the 2-dimensional parameter plots in§4 and
§5, galaxies with different visual classifications have overlapping
distributions at fainter luminosities, but appear to splitinto star-
forming and passively-evolving classes at brighter luminosities. It
is still possible that the dwarf galaxies separate into different clus-
ters in the full multi-dimensional parameter space that mayhave
been missed by the two-dimensional projections. We therefore ap-
plied a quantitative statistical analysis to test our data for evidence
of distinct groups in the multi-dimensional parameter space.

6.3.1 Application of the Clustering Algorithm

We used the “k-means” algorithm (MacQueen 1967) to decompose
the data into 2-20 clusters. For a given number of clusters, this finds
the cluster positions that minimise the sum of the squares ofthe dis-
tances from each data point to its cluster centre. We determined the
best number of clusters to choose by using the Calinski & Harabasz
(1974) variance ratio criterion (as implemented in the NbClust
package Charrad et al. 2012). This involves choosing the partition
that gives the highest ratio of the variance of the distancesbetween
objects in different clusters to the variance of distances between
objects within clusters. Calinski & Harabasz (1974) plot the vari-
ance ratio as a function of the number of clusters and use the first
local maximum to define the best number of clusters. We modified
this criterion by requiring that the selected peak was significantly
(3 standard deviations) above the neighbouring points1. On rare oc-
casions a double peak was formed by two variance ratios with the
same value (to within 1 standard deviation) that was still signifi-
cantly higher than the neighbouring points. In this case thefirst of
the two (alwaysn = 2 clusters) was chosen.

Before starting the clustering analysis we removed any objects
with missing data and then scaled the remaining galaxies to have a
mean of zero and standard deviation of unity in each parameter.
All the parameters we analysed were logarithmic measurements
(or magnitudes): the algorithm failed to find a preferred number
of clusters when applied to linear units, apparently because the dis-
tribution in each parameter consisted of a group plus one or two
extreme outliers.

1 The NbClust package (Charrad et al. 2012) does not take into account
uncertainties in the parameters and does not calculate uncertainties in the
variance ratios, so we used a Monte Carlo approach to estimate uncertain-
ties. We recalculated each variance ratio 30 times using different initial ran-
dom seeds for the k-means algorithm and used the resulting distributions to
estimate the uncertainties: see Appendix B.
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Figure 14. Automated classification of galaxies in our sample. This is the
same as Figure 7, but colour-coded for “clusters” identifiedby the k-means
algorithm using different combinations of parameters: (a)Structural (b)
Structural+SF 1, and (c) Structural+SF 3, respectively as discussed in the
text (also see Table 4). The symbol types are same as in the above fig-
ures. Two clusters are preferred statistically for this sample for all but one
combination of parameters. There is however no statisticalevidence for any
partition among the low-luminosity galaxies.

6.3.2 Clustering with Structural Parameters

We first applied the analysis to the four structural parameters from
SIGMA (µ0, 〈µ〉e, log n andReff ) and the optical (g−i) colour giv-
ing a sample of 405 galaxies. We define this as our reference data
set as it is closest to the information we used for our visual classifi-
cations. For these parameters, two clusters were preferredover any
other partition of the data. This partition is summarised (as “Struc-

tural”) in Table 4 and illustrated in Figure 14(a). The figureis same
as theMZ-Reff distribution shown in Figure 7 above, but colour-
coded by the clusters identified by the k-means algorithm. The first
cluster (91 galaxies) tends to higher luminosity and the second clus-
ter (314) has lower luminosities. Where the two clusters overlap in
luminosity, objects in the first cluster have smaller radii as shown in
Figure 14(a). In terms of our morphological classification,the first
cluster contains all the “lenticulars” as well all the more luminous
spirals. It also contains some of the more luminous “elliptical” and
“blue spheroid” galaxies.

We investigated the dependence of the partitions on the pa-
rameter choice by removing different parameters from the cluster-
ing calculation. Removing the colour had very little effect(2 clus-
ters of 97 and 308 members), but when we removed the colour
and any one of the structural parameters, the k-means algorithm
could not find any preferred partition. We then retained the colour
but removed each of the structural parameters in turn. Again, these
gave very similar results, except when either of the surfacebright-
ness terms was removed. The size of the first cluster increased to
129 when the central surface brightness was removed (µ0) and it
decreased to 78 when the effective surface brightness (〈µ〉e) was
removed. These changes reflect the properties of the respective sur-
face brightness measures shown in Figure 9. The central surface
brightness very strongly separates the different luminousgalaxy
classes, so removing it causes the clustering algorithm to tend to
put all the luminous galaxies together. The converse applies to the
effective surface brightness.

We observed two common features of all the partitions based
on the structural plus colour parameters. First, the lenticular galax-
ies were always all included in the first (high-luminosity) cluster,
as were the luminous (MZ < −20.5) spirals. Second, there was
no separation of the low-luminosity galaxies into separateclasses.
Instead, the majority (88%) of the objects we visually classified as
star-forming dwarfs (BSph, Irr, LSB) were placed in the second
cluster. The fraction ofall low luminosity (MZ > −18.5) galaxies
in the second cluster is 87 per cent.

6.3.3 Clustering with Structural andMAGPHYS Parameters

We then added the fourMAGPHYS parameters (log of sSFR, SFR,
M∗ andMdust), creating a nine-dimensional space (but with de-
generacy between some of the parameters). This sample was lim-
ited to 313 galaxies due to incompleteMAGPHYS data. This also
gave a preference for two clusters but with fewer galaxies (57) in
the high-luminosity group than with just the structural parameters.
This is shown in Figure 14(b) and listed as “Structural+SF 1”in Ta-
ble 4. The main difference from the previous partition is that very
few low luminosity galaxies now appear in the first cluster. The
fraction of galaxies in the second cluster is now 97 per cent at lu-
minosities fainter thanMZ = −18.5. The first cluster consists of
just the visually-classified lenticulars and the brighter spirals. The
second cluster contains 97 per cent of all the visually-classified star-
forming dwarf galaxies.

As previously, we removed the (g − i) colour and found that
this made no significant difference to the result (59 in the first
cluster; “Structural+SF 2” in Table 4). This is not surprising as
the MAGPHYS parameters are based on extensive colour informa-
tion; indeedg − i correlates strongly with specific star formation
(R = −0.72). For the remaining tests we therefore excluded the
g− i colour. We then removed each of the fourMAGPHYS parame-
ters in turn. Removing any one of specific SFR, SFR and dust mass
still resulted in two clusters, but with varying numbers of spirals in
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Table 4.Automated classification results with different choices ofparameters

partition parameters N n1 n2 n3 pV is p−18.5

Structural 12345---- 405 91 314 - 88% 87%
Structural+SF 1 123456789 313 57 256 - 97% 97%
Structural+SF 2 1234-6789 313 59 254 - 97% 97%
Structural+SF 3 1234-67-9 313 41 198 74 79% 83%

Note: the parameters used in each choice are numbered as follows. 1:µ0; 2: 〈µ〉e ; 3: logn; 4: logReff ; 5: g − i; 6: log sSFR; 7: logSFR; 8: logM∗; 9:
logMdust. N is the number of galaxies andni are the number of galaxies assigned to clusteri as colour-coded in Figures 14(a)-(c).pV is is the percentage

of visually-classified star-forming dwarf galaxies assigned to the second cluster andp−18.5 are the percentages of galaxies with absolute magnitude
MZ > −18.5 in the second cluster.

the first cluster (cluster 1 sizes 93, 56, and 47 respectively). Remov-
ing the stellar mass, by contrast, resulted in a significant preference
for a 3-cluster partition which we show in Figure 14(c) (“Struc-
tural+SF 3” in Table 4). The first cluster (high luminosity and low
radius) is now smaller and corresponds very closely to the visual
lenticular classification. The remaining two clusters contain all the
other galaxies split into high- and low-luminosity groups (74 and
198).

6.3.4 Summary of clustering analysis

Clustering algorithms like k-means provide an objective basis to
determine how many distinct groups are defined by our measured
galaxy parameters. Our analysis has shown that the results are
somewhat sensitive to the choice of parameters, notably at higher
luminosities where the numbers of galaxies in the first cluster can
vary by up to 30 per cent. However at lower luminosities (MZ >
−18.5) there was much less variation: in the two-cluster partitions
the number of galaxies in the second cluster varied by only 5 per
cent.

In all but one of the partitions we have discussed, only 2 clus-
ters were identified in the data. This is markedly different from our
visual classifications which identified 6 different galaxy types. The
most striking result is that the three visual classes of dwarf star-
forming galaxies (blue spheroid, irregular and low surfacebright-
ness) are assigned to the same cluster. Using just the structural pa-
rameters 88 per cent of the star-forming dwarfs are in cluster 2;
this rises to 97 per cent when theMAGPHYS parameters are added.
There is no evidence that these dwarf galaxies can be separated into
distinct types, despite our visual impression that this wasthe case.
Instead they form a single population with a continuous distribution
that can be parameterised by surface brightness or size (as in Fig-
ure 2).This implies that the different morphological classifications
given to low luminosity star-forming galaxies in literature only re-
flect variations in surface brightness and do not correspondto any
intrinsic physical differences between them.

6.4 Limitations of the analysis and future prospects

The GAMA II data analysed here suggests that the dwarf galax-
ies (−186Mr 6−15) in the local Universe (8-87 Mpc distance)
form a unimodal population in the parameter space spanned by
MZ , Reff , n, 〈µ〉e, µ0, (g − i), NUV − r, M∗, Mdust, SFR
and sSFR. This is most likely due to the intrinsic scatter resulting
from stochastic evolution within different morphologicalclasses of
galaxies. Other factors may however also have affected the conclu-
sions drawn here, and we discuss them in brief below.

• Wavelength dependency:The light profile of galaxies and the
structural parameters derived from it are extremely wavelength-
dependant. As shown by Kelvin et al. (2012) for a sample of more
than138, 000 galaxies in GAMA I, the Sérsic index for galaxies
does not vary significantly with bandpass but minor variations are
expected in individual galaxies because different opticalwavebands
trace different stellar components. On the other hand, the effective
radius is a strong function of waveband in which the stellar light is
modelled, such that the size of galaxy increases with wavelength
(Kelvin et al. 2012, their figure 22). Zhang et al. (2012) reached
similar conclusions when modelling ultraviolet to infrared data for
the nearby dwarf irregular galaxies.

Although we employ the high-resolutionViking data in theZ-
band for low surface brightness, low-luminosity galaxies here, the
trends seen for the SDSS data used by Kelvin et al. (2012) still ap-
ply.

• Imaging data:In this work we made use of the SDSS (Data
Release 7) imaging to visually classify our sample into different
classes. The SDSS images are taken with an exposure time of. 54
seconds per field, and have an angular resolution of1.2′′. Given that
the bulk of our sample comprises low-luminosity dwarfs, thelow-
resolution imaging is a major limiting factor in the visual classifi-
cation, and may have significantly contributed to the scatter within
individual classes. This may also have caused morphologically sim-
ilar classes such as the irregulars and the LSBs, or irregulars and
the blue spheroids to overlap artificially in the parameter spaces ex-
plored in§4 and§5. However, at this point we are unable to quantify
this effect.

The morphological classification of the sample presented here
is 80% reliable, meaning that among the visual classification by
Mahajan, Driver and Drinkwater, and repetitive classification by
Mahajan, the visual class assigned to galaxies agreed∼ 80% of
the times. The disagreement is mostly caused in the case of low
surface brightness galaxies, and small, blue spheroids (the latter
are as likely to be classified as irregulars).

The light profiles for our galaxy sample are modelled in the
Viking Z-band data to automatically quantify structural parame-
ters such as the Sérsic index and effective radius usingSIGMA. The
Viking data are∼ 2 mag deeper and have a twofold improvement
in angular resolution compared to the SDSS. It is the best avail-
able dataset in the near infrared waveband for such a spectroscopi-
cally complete sample, yet still shallow for dim or low-luminosity
galaxies. Deeper datasets with higher resolution and depthare thus
required for resolving the issues raised in this work due to measure-
ment uncertainties, and confirm the observed trends in the structural
and star formation properties of galaxies.

• Single component Sérsic fit:While a single component Sérsic
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profile fits the giant elliptical galaxies (Tal & van Dokkum 2011,
and references therein) and spirals (Pohlen & Trujillo 2006) suc-
cessfully, little is known of its behaviour at the faint end of the lumi-
nosity function. Recently though, Herrmann, Hunter, & Elmegreen
(2013) have fitted single, double and triple exponential profiles to
the stellar disk of 141 nearby dwarf galaxies in multi-wavelength
data from ultraviolet to mid infrared. They find that blue compact
dwarfs are over-represented by profiles where the light falls off
less steeply, and Magellanic-like spirals by profiles wherethe light
falls more steeply after the break in the first exponential, relative to
dwarf irregulars. This observation is in agreement with theresults
presented by Pohlen & Trujillo (2006), who showed that> 90% of
their sample deviated from a classicaln = 1 exponential profile,
and is instead better represented by a broken exponential profile.

Caon, Capaccioli, & D’Onofrio (1993) showed the correlation
between Sérsic indexn and (model-independent) size of early-type
galaxies does not result from the parameter coupling in the Sérsic
model. This implies that if a model fails to capture the rangeof stel-
lar distribution in a galaxy, it will result in over- or under-estimated
magnitude, surface brightnesses and size as a function of the stel-
lar concentration (n), and consequentlyM∗ (see section 2.1 of the
excellent review by Graham 2013).

As we have shown in Figure 5 (also see Table 1), while most
bulge-dominated galaxies (blue spheroids and lenticulars) follow
the correlation shown by Caon, Capaccioli, & D’Onofrio (1993)
for early-type and S0 cluster galaxies, spirals and other non-
spheroidal dwarf galaxies do not. Table 1 suggests that almost half
of the luminous spirals in our sample could be better fit by addi-
tional components to fit their light profile, especially in the cen-
tre. Some dwarf galaxies may also benefit by the inclusion of a
second component. However, given the complex geometry of the
low-luminosity irregular galaxies it is hard to believe that measure-
ment uncertainties could be greatly improved by multiple compo-
nent fits. Moreover, the measurement uncertainties obtained from
these data are much smaller than the intrinsic scatter within each
visually identifiable class. Hence, it is reasonable to assume that
better models for the light profile may further tighten the correla-
tions seen for the luminous galaxies.

7 SUMMARY

We have shown that morphologically distinct star-forming dwarf
galaxies are not distinguishable in the parameter space compris-
ing 〈µ〉e, µ0, n, Reff , SFR, sSFR,M∗, Mdust, (NUV − r) and
(g − i). The (d)elliptical galaxies remain indistinguishable from
the other dwarf classes in structural parameters, but theirlow sSFR
and SFR makes them easily identifiable in star formation proper-
ties. In various 2D-parameter spaces formed by structural parame-
ters, morphologically distinct dwarf galaxies occupy overlapping,
yet different regions of the parameter space. However, all except
the low-mass ellipticals also show similar star formation and dust
properties. The more luminous galaxies on the other hand, clearly
separate into star-forming spirals and passively evolvinglenticu-
lars, respectively. For the ensemble of galaxies in our sample, the
“k-means” algorithm prefers a bimodal distribution independent of
the number of parameters used to partition the data.

We have shown for the first time the distribution of morpho-
logically distinct dwarf galaxies in environments outsiderich clus-
ters inM − µ0 (〈µ〉e). Our analysis shows that although morpho-
logically distinct galaxies occupy different regions of these spaces,

in the dwarf regime the sub-populations overlap extensively. The
giants on the other hand split into two as mentioned above.

We showed that the model-independent correlation between
stellar concentration, parametrized by the Sérsic indexn and size
(Reff ), shown to exist for elliptical and S0 cluster galaxies, is also
followed by the blue spheroids and passively evolving ellipticals.
The non-spheroidal galaxies on the other hand do not show such a
correlation.

The SFR, sSFR,Mdust andM∗ derived by fitting the spec-
tral energy distribution of all galaxies usingMAGPHYSqualitatively
suggest that dwarf galaxies in these environments may evolve into
red, passive low-mass ellipticals, while the luminous spiral galax-
ies turn into lenticulars. This hypothesis is based on the assumption
that galaxies can not acquire much dust after their star formation
turns off. A detailed analysis of the neutral hydrogen content of
galaxies in these environments is required to confirm this specula-
tion.

To conclude, we showed that galaxies across a wide range in
magnitudes have statistically distinct, yet overlapping distributions
in all their structural parameters. In the low-luminosity regime, the
star-forming dwarf galaxies: LSBs, irregulars and blue spheroids
also overlap in their star formation and dust properties, while the
ellipticals have distinguishably low sSFR relative to other galax-
ies of similar luminosity. The giant galaxies on the other hand
show clear separation such that the spirals are characterised by high
SFR, sSFR andMdust, while vice-versa is true for the lenticulars.
Hence, “classification” (visual or otherwise) of galaxies forming a
continuum in one, two, or multiple parameter space into discrete
categories although useful in understanding the evolutionmecha-
nism(s) to first order, must be undertaken with caution, and con-
sequent implications from such a classification must be usedwith
caution.
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APPENDIX

A Kolmogorov-Smirnov Statistics

In this appendix, we present tables of probabilities from the
Kolmogorov-Smirnov static, showing that the physical and star
formation properties of various visual morphological classes arise
from the same parent distributions.

B Preferred number of clusters with k-means clustering
algorithm

In this Appendix we illustrate the Monte Carlo approach we used to
estimate uncertainties in the statistics used to select thebest num-
ber of clusters from the k-means analysis. As noted above (Sec-
tion 6.3.1), we used the Calinski & Harabasz (1974) varianceratio
as a figure-of-merit. We used the NbClust package (Charrad etal.
2012) for all the calculations, but this did not provide uncertainties
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Table A3. K-S probabilities for SFR/M∗.

E Sp Irr BSph LSB Len

E 1 8.51E-06 2.41E-12 4.78E-10 4.20E-09 1.45E-05
Sp 1 2.23E-03 8.16E-03 3.08E-02 7.10E-10
Irr 1 2.41E-01 7.24E-01 2.26E-17

BSph 1 2.27E-01 6.59E-14
LSB 1 5.59E-14
Len 1

Table A4. K-S probabilities forMdust.

E Sp Irr BSph LSB Len

E 1 3.35E-08 3.58E-01 6.73E-02 3.70E-02 1.70E-04
Sp 1 3.63E-21 1.04E-17 7.35E-20 2.87E-02
Irr 1 1.51E-01 1.08E-01 1.05E-09

BSph 1 6.76E-01 3.12E-09
LSB 1 3.85E-10
Len 1

for the calculated variance ratios. We applied a simple Monte-Carlo
approach to estimate the variance ratio uncertainties by repeating
each calculation 30 times using a different random seed for the k-
means partition algorithm each time. We used the mean value of
the 30 calculations as the final value of the statistic and thestandard
deviation of the 30 values to estimate an uncertainty (the standard
error of the mean) which we show using the red symbols in Fig-
ure B1 for each of the three partitions shown in Figure 14. As the
standard errors on each point are very small we also show the stan-
dard deviations (in grey) for comparison. We also show the results
of a single calculation, showing that quite strong systematic trends
can be present (e.g. for 6-10 clusters in the first panel): this is an
additional reason to take the mean of several calculations.

In panels (a) and (c) of Figure B1 there is a clear local maxi-
mum of the variance ratio (at 2,3 clusters respectively) that is sep-
arated by more than 3 standard errors (the smaller error bars) from
the adjacent points. In panel (b) the first point is barely three stan-
dard errors higher than the second, but we take the preferrednum-
ber of clusters as two using our rule to take the smaller number of
clusters in the case of a double peak.

Table A5. K-S probabilities forReff .

E Sp Irr BSph LSB Len

E 1 1.14E-07 6.66E-01 5.66E-02 4.61E-01 5.09E-03
Sp 1 3.27E-15 3.40E-16 5.86E-12 1.51E-04
Irr 1 2.84E-06 5.19E-01 3.61E-04

BSph 1 5.79E-06 5.33E-10
LSB 1 2.21E-03
Len 1

Table A6. K-S probabilities forn.

E Sp Irr BSph LSB Len

E 1 1.88E-01 9.83E-03 9.37E-01 2.61E-02 1.28E-04
Sp 1 5.27E-01 5.23E-03 4.55E-01 7.10E-10
Irr 1 1.80E-06 4.32E-01 1.23E-13

BSph 1 2.43E-04 2.33E-08
LSB 1 1.22E-10
Len 1

Table A7. K-S probabilities forµ0.

E Sp Irr BSph LSB Len

E 1 7.67E-01 5.90E-03 5.05E-01 8.93E-09 2.46E-06
Sp 1 1.05E-07 4.54E-01 9.01E-15 8.92E-10
Irr 1 7.81E-07 8.57E-11 1.14E-17

BSph 1 3.66E-18 2.98E-14
LSB 1 1.44E-14
Len 1

Table A8. K-S probabilities for〈µ〉e .

E Sp Irr BSph LSB Len

E 1 1.06E-01 2.78E-02 5.49E-01 1.77E-10 1.36E-05
Sp 1 4.72E-09 3.12E-03 3.65E-20 1.47E-05
Irr 1 2.76E-05 2.81E-18 1.67E-14

BSph 1 1.60E-23 2.90E-12
LSB 1 5.69E-16
Len 1

Figure B1. The k-means variance ratio as a function of the number of clus-
ters analysed. The three plots are for the same parameter sets as in Fig-
ure 14: (a) Structural (b) Structural+SF 1, and (c) Structural+SF 3, respec-
tively as discussed above and listed in Table 4. In each plot the black stars
represent a single k-means calculation using a random seed of 12341. The
red circles show the mean of 30 calculations using differentrandom seeds.
The red error bars give the standard error of the mean and the grey error
bars show the 1-standard deviation range of the values. We select the best
number of clusters by identifying a local maximum in the variance ratio:
only in plot (c) is a 3-cluster partition preferred over the 2-cluster case.
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