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epted on 29.04.2012)Abstra
t. A software pa
kage Unresolved Galaxy Classi�er (UGC) is being developed forthe ground-based pipeline of ESA's Gaia mission. It aims to provide an automated taxo-nomi
 
lassi�
ation and spe
i�
 parameters estimation analyzing Gaia BP/RP instrumentlow-dispersion spe
tra of unresolved galaxies. The UGC algorithm is based on a supervisedlearning te
hnique, the Support Ve
tor Ma
hines (SVM). The software is implemented inJava as two separate modules. An o�ine learning module provides fun
tions for SVM-models training. On
e trained, the set of models 
an be repeatedly applied to unknowngalaxy spe
tra by the pipeline's appli
ation module. A library of galaxy models syntheti
spe
tra, simulated for the BP/RP instrument, is used to train and test the modules. S
ien
etests show a very good 
lassi�
ation performan
e of UGC and relatively good regressionperforman
e, ex
ept for some of the parameters. Possible approa
hes to improve the per-forman
e are dis
ussed.Key words: Methods: data analysis; Te
hniques: mis
ellaneous; Galaxies: generalIntrodu
tionGaia is a 
ornerstone mission of ESA, s
heduled for laun
h in 2013. It is as
anning satellite that will repeatedly survey in a systemati
 way the wholesky during its six-year mission. The s
ienti�
 payload will provide astromet-ri
, photometri
al and spe
tros
opi
 information of all point sour
es up toV=20, about one billion obje
ts. Gaia s
ien
e in
lude: stellar stru
ture andpopulations, Gala
ti
 stru
ture and evolution, extrasolar planets, solar sys-tem, galaxies and quasars, general relativity. Its double teles
ope feeds threeinstruments: the astrometry and G-band photometry �eld AF, the BP/RPspe
trophotometer, and the high-resolution radial-velo
ity spe
trograph RVS.The images from these three �elds are 
olle
ted in parti
ular parts of a mosai
of 106 CCDs that works in a time-delay integration mode. The on-board pre-pro
essed output will 
onsist of one-dimensional binned images of the dete
tedand validated point-like sour
es pro�les and their spe
tra. It is expe
ted a 50GB/day data �ow, resulting in about 100 TB un
ompressed s
ien
e data dur-ing the mission. An extensive, sophisti
ated treatment is ne
essary to yieldmeaningful information from the original unintelligent data.A large pan-European team of expert s
ientists and software developers,the Data Pro
essing and Analysis Consortium (DPAC), submitted a proposalfor a 
omprehensive ground-based system, 
apable of handling the full size and
omplexity of Gaia data. The proposal (DPAC, 2007) was approved by ESAand the DPAC be
ame o�
ially responsible for Gaia-mission data pro
essingand analysis. DPAC in
ludes six large Data Pro
essing Centers (DPC) and isstru
tured around nine Coordination Units (CU), ea
h in 
harge of a spe
i�
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4 I. Bellas-Velidis, et al.aspe
t of the data pro
essing towards the �nal s
ien
e produ
t. The goal ofthe CU8 �Astrophysi
al Parameters� is to provide for the observed obje
ts
lassi�
ation information and an estimation of spe
i�
 astrophysi
al param-eters to be in
luded in the missions intermediate and �nal database. Amongthese obje
ts, it is expe
ted few millions of unresolved (point-like) galaxiesto be observed. The main task of the top-level work-pa
kage CU8/WP832�Unresolved Galaxy Classi�er� (UGC) is to develop an algorithm for 
lassi�-
ation and parametrisation of the unresolved galaxies and to implement it ina software system, part of the DPAC's ground-based pipeline.The requirements for the UGC fun
tionality are des
ribed in the �rstse
tion. The data library used for the development is presented in the se
-ond se
tion. The 
urrently developed algorithm and its implementation insoftware modules are shortly presented in the next se
tion. In the fourth se
-tion, the 
lassi�
ation and regression performan
e of the appli
ation moduleare dis
ussed. Con
lusions derived from the tests and key-points for furtherdevelopment of UGC are given in the last se
tion.

Fig. 1. The main task of the Unresolved Galaxy Classi�er (left panel) and a model of theexternal fa
tors in�uen
ing the observed galaxy spe
tra (right panel).1. Galaxies spe
tra 
lassi�
ation and regression requirementsThe UGC system shall be able to provide for ea
h galaxy, observed duringthe Gaia mission, a taxonomy 
lassi�
ation and a parti
ular astrophysi
alparameters estimation. This should be based on the galaxies spe
tra observedwith the low-resolution Gaia BP/RP instrument. The requirements to theUGC task are set by the fa
tors forming the spe
tra emitted by the galaxies



UGC for ESA/Gaia mission 5and registered by Gaia (Fig.1). An intrinsi
 galaxy spe
trum is modulatedby the sour
e's redshift and by the total extin
tion in our Galaxy (TGE)towards the sour
e. The spe
trum amplitude depends on the obje
ts distan
e,the observed magnitude, and is deformed by the instrumental response andnoise.The requirements that UGC must meet are additionally set by the algo-rithm sele
ted to be implemented. It is not possible to provide an analyti
al so-lution to dire
tly restore and parametrise the registered spe
tra. A promisingsolution is to implement an Arti�
ial Intelligen
e system based on supervisedlearning. Su
h a system is �rstly trained with templates, simulated spe
tra(inputs) of galaxy models with a priori known parameters (expe
ted outputs).Then, the system 
an be applied repeatedly to 
lassify unknown galaxies andto estimate their parameters from the observed spe
tra. The problem here isto provide simulations as 
lose as possible to the really observed spe
tra. Un-fortunately, there is no library of observed or modeled galaxy spe
tra suitablefor su
h a task, so it is required to 
reate proper spe
tral libraries for UGC.Finally, implementation of su
h a system in a software has to follow theDPAC requirements for the ground-based pipeline, the Software EngineeringGuidelines (O'Mullane et al., 2011). The UGC is being developed in Java3 lan-guage under the E
lipse4 Integrated Development Environment. The DPACapproa
h of 6-month 
y
les, is being followed in the UGC development, start-ing from a very simple implementation towards the �nal, 
omplete softwareprodu
t. The Cy
le10 software release UGCv10, as of June 2011, is presentedhere. It is mainly intended for o�ine s
ien
e tests of an optimized algorithmimplemented in UGC, as well as for online performan
e tests of UGC withinthe simulation of the DPAC pipeline in one of the DPCs.2. Library of galaxy models syntheti
 spe
traA

ordingly to the UGC requirements, we 
reated libraries of syntheti
 spe
-tra (Tsalmantza et al., 2007, Tsalmantza et al., 2009, Karampelas et al., 2011)using the evolutionary synthesis of galaxy spe
tra provided by �Pegase2�model (Fio
 & Ro

a-Volmerange, 1997). The model produ
es spe
tra basedon a number of astrophysi
al parameters. Most of them, like galaxy age, havebeen �xed by adopting four taxonomi
 galaxy 
lasses galType: gal_E (early),gal_S (spiral), gal_I (irregular), and gal_B (quen
hed star-formation galax-ies).The galType also �xes the star-formation rate, SFR, law used and themeaning of the parameters. The exponential law (1) has been used for gal_Etype, whereas (2) has been applied for the other three galaxy types with theSFR quen
hing limit (3) additionally appli
able only to the ga_lB 
lass:
SFR(t) = (P2/P1) ∗ e

−t/P1 (1)
SFR(t) = (1/P2) ∗Mgas(t)

P1 (2)
SFR(t) = 0 if (Age − t) ≤ P3 (3)3 http://java.
om4 http://www.e
lipse.org



6 I. Bellas-Velidis, et al.These SFR parameters, for the 
orresponding types, and the gas infall time(ex
luding the early type), are found to be of primary importan
e in modelingthe spe
tra (Tsalmantza et al., 2007) and are grouped in UGC under thegalPar name (see Tab.1).Table 1. Intrinsi
 galaxy model parameters galPar for ea
h galType 
lass.galTypegal_E gal_S gal_I gal_BgalPar S_infall I_infall B_infallE_sfrP1 S_sfrP1 I_sfrP1 B_sfrP1E_sfrP2 S_sfrP2 I_sfrP2 B_sfrP2B_sfrP3SFR law (1) (2) (2) (2 and 3)Fixing the 
lasses and varying the 
orresponding parameters within properranges, we 
reated a large set of syntheti
 galaxy spe
tra that showed good
overage of the two-
olor diagrams of observed galaxies (Tsalmantza et al.,2009). This base set of syntheti
 spe
tra has been extended reprodu
ing itfor di�erent redshift values z within 0.0 - 0.2 range and for random valuesof the 
oe�
ient Ao (range 0.0 - 6.0, equally distributed in log-s
ale) of thetotal galaxy extin
tion (TGE) towards the sour
e. The latter is based on theextin
tion law (Cardelli et al., 1989) where Ao is the �rst 
oe�
ient (
lose toAV for early stars) and the se
ond is �xed to Ro=3.1.The extended set of syntheti
 spe
tra has then been used to produ
e theGaia BP/RP simulated spe
tra library. The simulations are provided by CU2group with their Gaia Obje
t Generator pa
kage, GOG (Isasi et al., 2010). Arepresentative set of syntheti
 spe
tra and their BP and RP simulations, inthe very �rst library, are illustrated in Fig.2.In the UGCv10 release, the GOG7 library of galaxy spe
tra has been used.It is simulated for three Gaia magnitudes (Gmag=15.0, 18.5 and 20.0). Instru-mental and 
alibration noise is properly applied and the spe
tra are averagedfor a multi-epo
h observations simulation with the number of transits varyingfrom 40 up to 80.3. UGC algorithm and implementationThe UGC system shall provide for ea
h galaxy spe
trum observed duringthe Gaia mission a taxonomy 
lassi�
ation galType 
lass-probability and theastrophysi
al APs_gal parameters predi
tion. The latter in
lude the galaxymodel's star formation parameters, galPars (Tab.1), and the two externalparameters in�uen
ing the intrinsi
 galaxy spe
trum, the redshift z and theTGE 
oe�
ient Ao.A supervised learning algorithm, Support Ve
tor Ma
hines (SVM), isused. It is appli
able to both, the 
lassi�
ation (Cortes & Vapnik, 1995) and
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Fig. 2. Top: Pegase.2 syntheti
 spe
tra of representative galaxy types (emission lines, ifany, not in
luded); Bottom: The syntheti
 spe
tra (emission lines in
luded) simulated forGaia BP and RP instrument without applying redshift, extin
tion and instrumental noise.



8 I. Bellas-Velidis, et al.the parameter regression problems (Dru
ker et al., 1997). A �labeled� data setis ne
essary for the learning pro
edure. In a parameter regression, the train-ing set 
ontains the input data (simulated galaxy spe
tra) and the desiredoutputs, the priori known parameter values used to 
reate these spe
tra. TheSVM maps the input/output ve
tors to a higher dimensional spa
e applying anonlinear kernel fun
tion and 
reates a maximal separating hyperplane, SVM-model for this parameter. The SVM-model 
an then be applied to predi
t thisparameter values when parsing unknown spe
tra. On the other hand, in themulti
lass 
lassi�
ation problem, the training output is a numeri
ally 
odedtaxonomi
 
lass. In this 
ase, the trained SVM-model applied to an unknownspe
trum estimates the probabilities the sour
e to belong to the spe
i�
 
lass.The 
lassi�
ation mode of SVM is used to 
reate the SVM-model for the gal-Type parameter to 
lassify the galaxy spe
tra whereas a model per parametershall be 
onstru
ted in regression mode for ea
h of the APs_gal parametersvalue predi
tion.

Fig. 3. The learning, appli
ation and 
he
king fun
tions of the Unresolved Galaxy Classi�er(the dark-shaded elements are parts of the Gaia ground-based data pro
essing pipeline).The SVM algorithm implemented in LIBSVM library (Chang & Lin, 2007)is used in UGC. The 
urrent implementation, UGCv10 (Fig.3), 
onsists of twomodules, UGC_Learn and UGC_Apply, that provide the learning and theappli
ation fun
tion, 
orrespondingly. One more module, not des
ribed here,will be provided for furthermore automated 
he
king the UGC performan
ein order to analyse and, if ne
essary, to update the algorithm during themission data pro
essing 
y
les. The learning is used to prepare o�ine andto provide the �trained� SVM-models. On the other hand, the appli
ation
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tion is being implemented as part of the DPAC ground-based pipeline forGaia s
ien
e data pro
essing.3.1. Learning moduleThree tasks are provided by UGC_Learn module to prepare the SVM-models,one model at a time. Spe
i�
 parameters of the SVM are ne
essary to be tunedto ensure the model's optimal performan
e. Then, the SVM-model is 
reatedin the training pro
ess and is saved. Both, the tuning and the training, useone and the same labeled data set (galaxy spe
tra with priori known 
lassand parameters). The trained SVM is �nally tested with another labeleddata set for performan
e estimation. The sequen
e of these three tasks isapplied o�ine to prepare SVMs for the 
lassi�
ation and for ea
h of thegalaxy parameters resulting in a set of �fteen SVM-models. Moreover, su
hsets are obtained for parti
ular sour
e magnitudes and for di�erent ranges ofthe external parameters in�uen
ing the galaxy spe
tra (see below).In order to improve the UGC performan
e, following test results froma previous implementation (Bellas-Velidis et al., 2010), it has been de
idedto �split� the total range of the two external parameters that in�uen
e theintrinsi
 spe
tra of galaxy models. In addition to previously �xed three rangesin sour
es magnitude Gmag, four sub-ranges for the redshift z and �ve sub-ranges for the extin
tion 
oe�
ient Ao (see Tab.2) have been spe
i�ed.Table 2. Appli
ation ranges de�ned for SVM-models and their 
oding. The �total ranges�are de�ned only for the redshift z and for the extin
tion 
oe�
ient Ao initial estimation.Gmag z AoG150 13.0-16.0 Z0020 0.00-0.20 A0060 0.0-6.0G185 16.0-19.0 Z0005 0.00-0.05 A0005 0.0-0.5G200 19.0-20.0 Z0410 0.04-0.10 A0010 0.0-1.0Z0915 0.09-0.15 A0520 0.5-2.0Z1420 0.14-0.20 A1535 1.5-3.5A3060 3.0-6.0The total 
ombination of the de�ned ranges required to tune, train andtest 1350 SVM-models. The �rst tests showed that galaxy parameters regres-sion is not e�e
tive for the faintest magnitudes. So well, it has been foundthat the smallest extin
tion range SVMs does not provide better a

ura
ythan the next one. Finally, there is a redundant: the 
ombination of the totalrange for z with the sub-ranges for Ao and vi
e versa. Following this, thetotal number of SVM-models, that are really usable and ne
essary for theUGC appli
ation, has been redu
ed to 534.3.2. Appli
ation moduleThe UGC_Apply module is intended to run online as part of the earth-basedGaia data pro
essing pipeline. The appli
ation module will be a
tivated every



10 I. Bellas-Velidis, et al.time when a galaxy spe
trum is identi�ed. This identi�
ation is provided byanother software pa
kage of the pipeline, the Dis
rete Sour
e Classi�er, DSC(Smith et al., 2011). The UGC_Apply runs a sequen
e of two tasks: sele
tionand pro
essing. Firstly, it will sele
t the spe
trum if it is validated for itssuitability as galaxy or galaxy-like, based on prede�ned 
riteria. Only whenvalidated, the spe
trum will be pro
essed by the se
ond task.The UGC_Apply pro
essing fun
tion is illustrated in Fig.4. A spe
i�
pre-pro
essing is applied to the spe
trum, 
onverting it to a proper formas required by the trained SVMs. Then, based on the sour
e's magnitudeGmag, it is �xed the proper set of SVM-models to be used. Follows an initialestimation of the two external parameters z and Ao. The 
orresponding twoSVMs trained for the total range of these parameters are applied to the sour
eto provide their �rst estimate.

Fig. 4. The pro
essing task of the Unresolved Galaxy Classi�er appli
ation moduleUGC_Apply. This task is applied only if the sour
e has been already validated as galaxyor galaxy-like by the front-end sele
tion task of the appli
ation module.These initial values are now used to �x the appli
able subset of spe
i�
-range SVM-models. Su
h a subset has been trained to provide 
lassi�
ationand parameters regression for spe
tra in�uen
ed by the redshift and the ex-tin
tion varying within a spe
i�
 part of their total range (Tab.2). The 
or-responding SVMs from the subset are then used to perform galType 
lassi-�
ation and all the APs_gal astrophysi
al parameters regression (in
ludinga �nal estimation of the two external parameters). Be
ause of sub-rangespartially overlapping, there 
an be appli
able one, two, or four subsets ofSVM-models. In the latter two 
ases, a proper weighting of the estimates isprovided. Finally, the results are output for saving in the Gaia Main Database.



UGC for ESA/Gaia mission 114. UGCv10 performan
eUGC performan
e for galaxy 
lassi�
ation and for the two external parame-ters regression is tested with one and the same basi
 set of syntheti
 spe
trasimulated for three magnitudes (Gmag=15.0, 18.5, and 20.0) of the sour
es;the performan
e for the galaxy internal parameters has been tested for the�rst two magnitudes only. This basi
 set is 
reated for four prede�ned galaxytypes, varying only spe
i�
 galaxy model parameters, and applying randomredshift z and extin
tion Ao within prede�ned ranges (see Se
tion 2).The UGC appli
ation module has been tested on 70233 galaxy spe
tra.On a 
omputing node of about 0.5GFlops/s the pure CPU time was 4600s,leading to about 0.066s or 34MFlops per sour
e. About 1.5GBytes Java heapspa
e is required for UGC appli
ation module to run.4.1. Galaxy type 
lassi�
ation performan
eUGC provides for ea
h sour
e a 
lass-probability ve
tor with four elements,the normalized probabilities (sum to be unit) for the sour
e to belong to ea
hof the prede�ned galaxy types. The element 
orresponding to the sour
e'sreal 
lass 
ontains the so-
alled True-Positive (TP) probability. If one of thefour probabilities is above 0.5 the galaxy is 
onsidered positively 
lassi�ed. Ifall the probabilities are below 0.5 the sour
e 
lass is unde�ned. In the 
aseof positive 
lassi�
ation, if the probability 
orresponds to the real (a prioriknown) 
lass of the galaxy, it is 
onsidered True-Positive 
lassi�
ation, orTPC, else it is 
ounted as False-Positive 
lassi�
ation (FPC).

Fig. 5. The UGC performan
e for galType 
lassi�
ation in the Gmag=15.0 and 18.5 sour
estests. For ea
h 
lass, the per
entage of the 
ases with True-Positive probability above 0.5(dark-shaded bars) gives the TP 
lassi�
ation performan
e for the 
lass.The distribution of the TP 
lass-probability estimates in the two mag-nitude tests (Gmag=15.0 and 18.5), for ea
h of the four subsets of spe
tra
orresponding to a prede�ned galaxy 
lass, is presented in Fig.5. The 
ases ofTPCs (TP probabilities > 0.5) are shown dark-shaded. In the faintest mag-nitude test (Gmag=20.0), not presented here, almost all the 
ounts for thedi�erent probability ranges are below 20%.



12 I. Bellas-Velidis, et al.Table 3. UGC 
lassi�
ation performan
e given by the per
entage of True-Positive (bold)and False-Negative 
lassi�
ations for the three testing sets of spe
tra with di�erent Gmag.Galaxy model UGCv10 
lassi�
ation performan
eReal Sour
es Gmag=15.0 Gmag=18.5 Gmag=20.0galType number E S I B E S I B E S I Bgal_E 1620 94.1 4.9 0.0 0.0 78.1 19.1 0.0 0.3 44.8 34.4 0.0 7.0gal_S 6851 0.6 98.7 0.2 0.0 3.9 90.6 0.1 2.7 5.9 67.4 0.0 15.9gal_I 1107 0.0 5.7 88.9 2.2 0.0 8.4 50.8 26.5 0.0 11.6 30.2 42.6gal_B 8817 0.0 0.2 0.5 99.1 0.1 2.0 2.5 93.7 0.4 7.3 1.9 83.4The 
lassi�
ation performan
e is usually presented by so-
alled 
onfusionmatrix where the elements show the per
entage of obje
ts of a given 
lass thathave been positively 
lassi�ed. The diagonal elements show the per
entageof the obje
ts with True-Positive 
lassi�
ations for the 
orresponding real
lass, whereas the other elements on ea
h row 
ount the FPC's. The UGCperforman
e in the three magnitude tests is presented in Tab.3.As this 
an be seen from Fig.5 and Tab.3, the UGC 
lassi�
ation perfor-man
e is very good for the bright sour
es (Gmag=15.0). The per
entage of TP
lassi�
ations is very 
lose to 100% for the two best 
lassi�ed types, gal_Sand gal_B, it is about 95% for the gal_E and a little below 90% for gal_Itype. The 
lassi�
ation is a

eptable for faint sour
es (Gmag=18.5), providingTPC above 90% for gal_S and gal_B, around 80% for gal_E and falling toaround 50% for gal_I. Finally, for the faintest sour
es (Gmag=20.0), it is stilla

eptable for the best 
lassi�ed S and B-type, but there is a problem forthe other two types. It seems that in this 
ase we 
an still provide a two-
lass
lassi�
ation 
ombining E with S in an �early� galaxy type, and I with B ina �late� type. On the other hand, the relatively worse performan
e for gal_I
ould be 
aused by the small number of simulated spe
tra of this type.4.2. External parameters regression performan
eThe two parameters, z and Ao, are estimated by UGC in a two-stage pro-
ess (see Se
tion 3.2). Initially, they are estimated applying the 
orrespondingmagnitude SVM-models that has been trained for the total range of these pa-rameters. The initial estimate is used for �xing whi
h SVM-models, trainedfor spe
i�
 sub-ranges of these parameters (Tab.2) shall be used for �nal es-timation. The UGC performan
e in these two 
ases is presented in Tab.4 bythe Root-Mean Square Deviation (RMSD) of the estimated from the real (apriory known) value in the testing set of spe
tra. The 
orresponding normal-ized value, NRMSD, in per
ents of the parameter range is also given for the�nal estimation. The performan
e improvement is evident in the �nal ver-sus the initial estimation for both parameters and that this improvement isgreater towards the brighter sour
es. This general performan
e is even betterillustrated in Fig.6 plotting the �nally estimated versus the real values forthese parameters for the three magnitude tests. In ea
h �gure there is aninset showing the histogram of the di�eren
es (estimated minus real value).



UGC for ESA/Gaia mission 13Table 4. UGC regression performan
e for the external parameters initial and �nal estima-tion given by the Root-Mean Square Deviation for the three sets of spe
tra with di�erentG magnitude. For the �nal estimation, the range-normalized, NRMSD, is also shown.Galaxy model UGCv10 regression performan
eExternal Parameter Gmag=15.0 Gmag=18.5 Gmag=20.0APs_gal Range initial �nal initial �nal initial �nalz 0.0 - 0.2 0.005 0.002 (1.0%) 0.015 0.011 (5.5%) 0.030 0.026 (13.0%)Ao 0.0 - 6.0 0.08 0.04 (0.7%) 0.18 0.15 (2.5%) 0.30 0.29 (4.8%)

Fig. 6. Redshift �z� (left panel) and extin
tion �Ao� (right panel) estimation performan
efor Gmag=15.0, 18.5 and 20.0 sour
e sets. Ea
h inset shows the 
orresponding histogramof the di�eren
es between the UGC estimated and the real values.



14 I. Bellas-Velidis, et al.The UGC very good performan
e for extin
tion 
oe�
ient Ao estimation,for all the magnitudes up to the faintest sour
es is 
learly shown in Fig.6(right panel). It is also very good for the redshift z (left panel) for the brightsour
es and it is relatively good for Gmag=18.5, but in the latter 
ase thereis a number of systemati
ally deviated estimations. for the faintest sour
esthis pattern of deviations isF quite extended, 
ausing the estimation to bedoubtful here. An investigation is ne
essary to �nd the reasons leading to theperforman
e degradation.4.3. Galaxy model parameters estimation performan
eThe UGC performan
e for the galaxy model parameters regression has beenfound una

eptable for the faintest magnitudes in earlier tests, so SVM-models have not been trained for the 
ase. The performan
e, the RMSD andthe 
orresponding NRMSD, is presented in the Tab.5 for the other two Gmagtests (15.0 and 18.5). For the parameters of ea
h parti
ular galType model,only the 
orresponding spe
tra subset has been tested. Normalized RMSDvalue above 20% indi
ates rather doubtful performan
e for the parameterregression.Table 5. UGC regression performan
e for the galPar parameters estimation given bythe Root-Mean Square Deviation and the range-normalized NRMSD for two testing sets ofspe
tra with di�erent G magnitudes (una

eptable performan
e is marked by an asterisks).Galaxy model UGCv10 performan
egalType galPar Range Units Gmag=15.0 Gmag=18.5gal_E E_sfrP1 10 - 14400 My 696 (4.8%) 1459 (10.1%)E_sfrP2 0.20 - 1.45 M⊙ 0.06 (4.8%) 0.16 (12.8%)gal_S S_sfrP1 0.30 - 2.40 0.56 *(26.7%) 0.60 *(28.6%)S_sfrP2 5 - 30000 My/M⊙ 3521 (11.7%) 4979 (16.6%)S_infall 5 - 16000 My 1336 (8.4%) 2714 (17.0%)gal_I I_sfrP1 0.60 - 3.90 0.61 (18.5%) 0.68 (20.6%)I_sfrP2 4000 - 70000 My/M⊙ 14400 (21.8%) 18048 *(27.3%)I_infall 5000 - 30000 My 5759 *(23.0%) 6143 *(24.6%)gal_B B_sfrP1 0.60 - 3.90 0.56 (17.0%) 0.74 (22.4%)B_sfrP2 4000 - 70000 My/M⊙ 11881 (18.0%) 17250 *(26.1%)B_sfrP3 1 - 150 My 15.03 (10.1%) 29.6 (19.9%)B_infall 5000 - 30000 My 5828 *(23.3%) 6113 *(24.5%)The regression performan
e for estimation of the intrinsi
 parameters ofthe four galaxy model types is illustrated in the panels of Fig.7 and Fig.8. Ea
hpanel shows the estimated versus the real value of the parti
ular parameterin the two magnitude tests. The UGC shows a good performan
e for the twoparameters of the gal_E model in both magnitude tests, with the ex
eptionof E_sfrP1 real values very 
lose to zero or near their upper limit.Relatively good is the UGC performan
e for the gal_S parameters withex
eption of the S_sfrP1. Even worse, in the latter 
ase it is 
lear that the
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Fig. 7. UGC regression performan
e for the gal_E, gal_S and gal_I types parametersgalPar for the Gmag=15.0 and 18.5 sour
e sets.
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Fig. 8. UGC regression performan
e for the gal_B type galPar parameters.UGC is unable to estimate the parameter even for bright sour
es. Same isthe situation with the infall parameter for the gal_I and the gal_B mod-els. For these two models, there is also a problem with the sfrP2 parameterestimation for faint sour
es (Gmag=18.5). For su
h sour
es, there is also un-satisfa
tory performan
e for the B_sfrP3 parameter estimation. Ea
h 
ase ofuna

eptable performan
e is marked by an asterisk on Tab.5.The small number of irregular galaxies spe
tra (Tab.3) 
an not be the rea-son of an unsu

essful training, as for the gal_B models this number is quitelarge. Possibly, either the spe
tral 
hanges 
aused by these parameters are re-ally undete
table be
ause of the instrumental S/N, the TGE and the redshiftin�uen
e, or the parameter values range and sampling shall be optimized.Con
lusionThe SVM-based algorithm implemented in UGCv10 is promising to provide avery good performan
e for unresolved galaxies spe
tra 
lassi�
ation with thefuture Gaia mission. The tests based on simulated spe
tra library show alsothat UGC 
an estimate with good a

ura
y the gala
ti
 extin
tion towards theobserved sour
es as well as their redshift. A

eptable regression performan
eis shown for most of the galaxy model parameters for brighter sour
es, whereasthere is a problem with some of the parameters, mostly in the fainter rangeof magnitudes.



UGC for ESA/Gaia mission 17Further investigation of the spe
i�
 parameters in�uen
e on the simu-lated spe
tra is ne
essary to optimize the spe
tral library and to improve theSVM learning. Applying nonlinear pre-pro
essing of parti
ular parametersseems promising to help towards better performan
e. Development of similaralgorithm, but based on Arti�
ial Neural Networks (ANN) is worth to be
onsidered. Unlikely the SVM, an ANN-model 
an be trained to estimate fewparameters at on
e.A
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