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Aucwipaxiu - Bo 0B0Oj TPYA ce pasriielaHy pasiandHA
KOMOMHHpama Ha KIacu(pukaTopH Ga3upany Ha
MaIlMHHUTE cO HoceukH BekTopu (MHB) mto pa6o-
TaT Ha IB€ MHOXXeCTBa 00eJiexja 3a NPEno3HaBake
Ha CO paka ucninaHu mugpu. McnuryBamara ru
NIOYHABME CO MHOKECTBO COCTABEHO OfI CTPYKTYPHHU
M cTaTUCTHYKY obesnexja u coonsereH MHB knacu-
thukarop mpuMeHeT Bp3 LENOTO MHOXKECTBO 0be-
nexja. [TonaTamy 6ea HCTUTYBAHH Pa3IMYHU pa36u-
Bama Ha MHOXKECTBOTO 00enexja Kako U IpegHoc-
TUTE U CIa0OCTHTE HA PA3NNYHUTE KOMOUHUpPamha
Ha KJIacH(UKaTOPUTE KpeHpaHy BP3 ONICIHHATE
MHOXeCTBa o0enexja. JloOueHuTe pe3ynTaTi noka-
JKyBaaT JIeKa € TellIKO Jla ce HaMIHAT nepgopmMaH-
curte Ha efiled MHB xnacucgukarop npuMeHer npa-
BOJIMHUCKH Ha LIEJIOTO MHOXECTBO obenexja. [omon-
HUTEJHO € MMOKaKaHO fIeKa pa30UBaeTO Ha MHOXKECT-
BOTO 0GesiexXja cropej NpupofaTa Ha obenexjara
(CTPYKTYPHHM M CTaTHCTHYKH) HE € CEKOTalI HajRo6-
pHOT naT 3a Kpeupame Ha cucTteM 6a3upaH Ha KoMOU-
Hupame Ha knacudukaropu. OBue peszyaraTu
HaMeTHYBaaT norpeba of noceGHU OPOLERYpH 34
ceNeKiuja Ha obenesxja 1ITO Ha ONITUMAJIEH HAUKH
Ke ro pa3buBaaT MHOXKECTBOTO 06eexja 3a cucTe-
MHTE IITO KOPUCTAT KOMOMHHUPaH-e Ha KIIaCU(PHKATOPY.

Hnuoexcnu wepmunu - knacucukanuja, Koonepanuja,
obesexja, oTpiatke, JOBEPIHBOCT

1. BOBE]

CraHgapiHUOT NpUCTAll 33 MPENO3HABabe Ha CHM-
Gonu ce BPTH OKOJTY IBa Y€KOPa, EKCTPAKIHja Ha 00e-
JieXja, KaJie LITO Ce Pa3BHBA IIOTOHO IIPETCTaBYBaE
Ha OOJIMKOT U KJTacuHKanyja, Kaje ITo ce AepuHupaaT
npaBuia 3a OfJieNlyBamke Ha KjacuTe Ha OGJUIHTE.
IMokaxano € iexa KOMGHHNPaETO Ha obesiekja Ol pas-
JIMYHA NPUPOHAA NPeKy KOMONHUpahe Ha COOIBETHUTE
KIacupHKaTOPH € BETYBAYKH IPUCTAIl BO CACTEMHTE
3a Ipero3HaBamhe Co paka ucnuinaru camo6omu [1], [2],
(3], [4], [5]. UndopmanunTe Of OBEKE U3BOPH LITO CE
offnenno o0paboTeHH YECTO MOXAT KOPHUCHO fa Ce
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Abstract - In this paper, various cooperation schemes of
SVM (Support Vector Machine) classifiers applied on
two feature sets for handwritten digit recognition are
examined. We start with a feature set composed of struc-
tural and statistical features and corresponding SVM
classifier applied on the complete feature set. Later, we
investigate the various partitions of the feature set as
well as the advantages and weaknesses of various deci-
sion fusion schemes applied on SVM classifiers designed
for partitioned feature sets. The obtained results show
that it is difficult to exceed the recognition rate of a
single SVM classifier applied straightforwardly on the
complete feature set. Additionally, we show that the
partitioning of the feature set according to feature na-
ture (structural and statistical features) is not always
the best way for designing classifier cooperation
schemes. These results impose need of special feature
selection procedures for optimal partitioning of the fea-
ture set for classifier cooperation schemes.

Index terms — classification, committee, features, rejec-
tion, reliability

1. INTRODUCTION

The classical paradigm for character recognition is con-
centrated around two steps, feature extraction, where an
appropriate representation of the pattern is developed, and
classification, where decision rules for separating pattern
classes are defined. Combining features of different nature
and the corresponding classifiers has been shown to be a
promising approach in handwritten recognition systems [1],
[2], (31, [4], [5]. Data from more than one source that are
processed separately can often be profitably re-combined
to produce more concise, more complete and/or more accu-
rate situation description.

In this paper, classification systems for handwritten digit
recognition using two different feature families and SVM
classifiers [6] are examined. Following widely used termi-
nology, our feature families are referenced as structural and
statistical feature sets [7]. We start with a SVM classifier
applied on both feature families as one feature set. These
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HCKOMOMHHpAaT [aBajKH MOKOMIIETEH H NOTOYEH
NpUKa3 Ha peajHaTa CHTyanuja. ’

Bo 0BOj TpyX ce pasriefaHy CUCTEMH 3a Kilacu(uka-
IMja Ha CO paka UCTIUINAHN i pH KOPUCTEjKHU [iBE pas-
anyHy (pamunu Ha o6enexja u MHB knacuduxaropu
[6]. Cnenejku ja mupoko pacnpocTpaseTaTa TepMHHONO-
THja, HHEe ' HapeKOBMe HalmnTe Gamunnn obenexja
CTPYKTYPHH ¥ craTHcTHYKH [7]. McuTyBamara ru
3ano4HaBMe co efieH MHB knacudgukarop npuMeseT
Ha JiBeTe paMunun o6esexja Kako eJHO MHOXECTRBO.
Osue pesynratu Oea 6a3a 32 MOHATAMOIITHUTE HCIH-
TyBama. [TlonaTamy kopucresme sa MHB xnacuduka-
TOpa WTO paboTAT ONEENHO Bp3 CTPYKTYPHHUTE U CTa-
THCTUYKUTE (haMILTiK o6eNesKja i T HCTIUTYBABME HUB-
HUTE KOMOuHMpawa. Cropen HalllaTa TePMHUHOJOTH]a,
HME I'o pa3buBMe KOMITIETHOTO MHOXKECTBO o0enexja
Copel HUBHATA IPUPONA HAa CTPYKTYPHO M CTaTHC-
THYKO MHOXKecTBO. Hue nennrasMe pasnyiyHu eMn Ha
KOMOHMHUPAE U TU [IalOBME COOJJBETHUTE PE3YJITATH
Ha IIpEno3HaBame. 3a 3roIeMyBame Ha IOBEPIUBOCTA
Ha CHCTEMOT 6ea BOBE[ICHN KpUTEPHYMH 34 OT(Ppaame
Ha HECHT'YPHMTE KIacu(UKaIIN KaKo 1) Off IIEMUTE
Ha KOMOUHHPA®E.

HobueHuTe pe3ynraTy HOKaXKyBaaT JieKa co KoMOu-
HHpame Ha Ki1acuhHKaTOPH € TEIIKO €O Jla Ce ROCTUTHE
HHMBOTO Ha IPENIO3HABAK-E Ha efieH KNacH(pUKaTOop NpH-
MEHET BP3 MHOXECTBOTO IITO Tl OGeMHYyBa IBETE
damunun obenexja. Cenak, IEMUTE HA KOMOUHIPame
AaBaaT nofo6pa MOKHOCT 3a NOECYyBake HA TPrOBH-
jaTa Mefy Ipeno3HaBamETO U JOBEPIIMBOCTA U ja HAMa-
JIyBaaT KOMIUIEKCHOCTA Ha KJIacH(PUKaTOpOT KAKO U
Herosarta notpeba off IPUMEPOLH 3a 00yUyBame.

JONONHNUTENHO, HHIE ja HCIIUTYBABME H KOPHCHOCTA
Ha pa30KBamkeTO Ha MHOXKECTBOTO 00€sieKja ciope pH-
ponarta Ha fobueHnTe obenexja. Mcrpaxkysaunre Ha
KOMOHHHpamaTa Ha KIacupUKATOPH NPEMOTYEHO ce
cornacypaar fieka IpynupameTo Ha obenexjaTa crno-
pen HUBHATa NpUpoAa (T.e. pa3OUBamETO Ha KOMILIET-
HOTO MHOXECTBO) & NpuaTINB IIPUCTAaIl 32 Kpenpatke
Ha CHCTEM 32 NIPENO3HABALE OOJIULM IITO KOPUCTH KOM-
O6uHupame Ha knacugukatopu. OCHOBHATa npeTnoc-
TaBKa e fieKa pa3anyHuTe obenekja (Mo moTeKsio, T.e.
IpUpojia) ce pasyMHO He3aBUCHH. Tue ro "rnepaatr”
OOJIMKOT Ha pa3IHdeH HAYHUH, 12 TaKa M OJJIYKUTE Ha
COONIBETHHTE HHANBUJYaJTHH KNAaCU(DUKATOPH MOXKE KO-
PHCHO f1a ce UICKOMOMHUPAAT 34 jAa ce fo0Ke MOTOYHO
npeno3xapame. Hamrure pe3ysiTaTi nokaxysaar gexka
CTPYKTYPHUTE U CTATUCTHUKUTE 00€7IeXKja IITO IHHPOKO
ce KOPHCTAT BO CHCTEMUTE 32 NPENo3HABAkE O0HLK
6a3upany Ha KOMOUHNpamke Ha KJIacupukaTopu He ce
cexkoratl Hajro6ap HaunH Ha pa30HUBambe Ha MHOXKECT-
BOTO oGenexja. OBOj pe3ynTaT HaMeTHYBa MoTpeba
0f pa3Boj Ha IOCCOHU NOCTAIKHY 34 CeNeKiuja Ha 0be-
JieXja 1Ito Ha ONTHUMaJieH HA4uH Ke ro pa30ujaTt KoM-
IJIETHOTO MHOXKECTBO 32 CUCTEMHTE Ha ITPEIIO3HABAE
0a3upaHy Ha KOMOUHUpaKke Ha KI1acku(pUKaTOPH.

eaTa Ha OBOj TPYH He € Aa ce HAaTHPEBapyBa CO
HHMBOATA Ha NIPEHO3HABALE HA IPYTUTE CUCTEMH 3a TIpe-
no3HaBame cO paka ucnminasu mudpu [8] Tyky aa ce
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results serve as a basis for future investigations. Further,
we used two SVM classifiers that work on the structural
and statistical feature families and examined their coopera-
tion using statistical decision fusion. In our terminology,
we partition the complete feature set according to the fea-
ture nature into structural and statistical feature sets. Dif-
ferent statistical cooperation schemes were examined and
corresponding recognition results are presented. In order
to improve the system reliability, we introduced rejection
criteria as a part of the classifier cooperation schemes.

The presented results show that it is difficult to achieve
the recognition rate of single classifier applied on the fea-
ture set that includes both feature families by combining
the individual classifier decisions. However, the classifier
cooperation schemes offer better possibility for fine tuning
of the recognition versus the reliability tradeoff and reduce
both, the classifier complexity and the need for samples.

Additionally, we tackle the problem of usefulness of
partitioning of the feature set according to the nature of the
obtained features. The researchers in the area of combining
classifier tacitly agree that partitioning of the features ac-
cording to their nature is an acceptable approach for de-
signing pattern recognition systems based on classifier
cooperation. The basic supposition is that different fea-
tures (by their origin) can be considered as reasonably in-
dependent. They "see" the same pattern from different
points of view and consequently, corresponding individu-
al classifier decisions can be profitably re-combined to pro-
duce more accurate recognition. Our results show that sta-
tistical and structural features, widely used for designing
pattern recognition systems based on classifier coopera-
tion schemes is not always the best way to partition the
feature set. This result imposes need of special feature se-
lection procedures for optimal partitioning of the feature
set in cases of classifier decision fusion applied on differ-
ent feature families.

Our goals in this paper are to examine usefulness of our
feature extraction and selection technique, to study differ-
ent classifier cooperation schemes and to investigate use-
fulness of partitioning of the feature set according to the
nature of the features rather than to compete with the rec-
ognition rates of other handwritten digit recognition sys-
tems [8].

2. THESYSTEMARCHITECTURE

The recognition system is constructed around a modu-
lar architecture of feature extraction and digit classification
units. Preprocessed image is an input for the feature extrac-
tion module, which transfers the extracted features toward
SVM classifiers (see Fig. 1).

From the digit images with resolution of 128x128 pixels,
we have obtained 16x16 binary images on which the
smoothing and centralizing preprocessing techniques have
been applied. We have extracted 116 features that are clas-
sified as 54 structural and 62 statistical. The both feature
families as one set are forwarded to the SVM classifier and
obtained results are basis for future comparisons.



Pa36uBarse Ha MHOXeCTBOTO obesnieXxja 3a KOMGUHUPaH-e Ha Knacugukaropu

Partitioning of the feature set for classifier cooperations

HCIMTA KOPYCHOCTA HA HALIINTE TEXHUKH 33 EKCTPAKIHja
Ha o0esexja, KOPHCHOCTA HAa Pa3IMYHUTE IIEMH Ha
KOMOUHUpae Ha KJIaciHKaTOPH 1 KOPUCHOCTA Ha pas-
OUBaKETO HA MHOXKECTBOTO 00eJeKja clioped HIBHATA
Apupoaa.

2. APXUTEKTYPA HA CUCTEMOT

CrcreMOT 3a Mpeno3HaBamke € U3TPAfeH OKOJY
MOJIYJINTE 3a eKCTPAKIja Ha obesiexja u kiacugpuka-
ugja Ha qudpure. [peTnponecupanara cauKa Ha IH-
¢hpaTa e BIe3 32 MOIYJIOT 3a EKCTPaKIIKja Ha obesexja
of1 Kaje mTo obesnexjara ce mpakaat Kou MHB knacu-
¢ukaropute (Bugu Ci. 1).
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Cnwvka 1. ApxuTeKTypa Ha CUCTEMOT

Crnukure Ha ipute co pesonyiuja 128x128 rouxn
ce CBeJcHH Ha OMHapHHU CIHMKH co pe3olnyn#ja 16x16
TOYKH HAJ KOH € U3BPIICHO N3paMHYBake H LEHTPH-
pame. Hue excrpaxupasme 116 oGenexja npu wrto 54
ce CTPYKTypHH 1 62 cratucTiyky. [Isere amunum obe-
nexja Kako eHO MHOXECTBO ce npaTesu kon MHB
KNacuhuKaTOp ¥ Taka JOOHEHNTE PEe3yJITaTH CE OCHOBA
3a URHHUTE Ciopeadn.

CTpyKTYpHHTE H CTATHCTHUKHTE O0eNeKja Iooxsie-
JIHO Ce HCTO Taka npateHu koH 3acebuun MHB kiacu-
thukaTopu, a fTOOHEHUTE U3Ne3H ce KOMOHHUPAHHU KOPH-
CTE€jKH pa3/IYHU CTATHCTHYKH LIEMH Ha KOMOHHHApae.
Bo TOj MOMEHT ce BOBENECHH M KPUTEPUYMHTE 32 OT(hp-
Jlale Ha HECUT'YPHUTE Kiracu(puKallud ¥ IpecMeTaHu
ce COONBETHUTE BPENHOCTH 3a HOBEPJIHBOCTA Ha
CHCTEMOT.

3. EKCTPAKIIMJA HA OBEJEXIJATA

CrpykTypHuTE 06Gerexja ce 3aBUCHH Off AOMEHOT.
HugBHarta npupoja 1 TeXHHKUTE 33 eKCTPaKIuja MHOTY
3aBuCaT Off 00JeKTOT IITO Ce NPerno3Hana.

irT;fut digit image
16 %16 pixels

“feature extraction
module

structural | | statisttical
feature feature

extraction || extraction

submodule || submodule

WL

SVM classifier

ctaseier SHUL]  [TTIIND e
N

.. combining
D €CISION clgssifiers
fusion

Fig. 1. The architecture of the system

The structural and statistical feature sets are also for-
warded to the separate SVM classifiers, and obtained clas-
sifier outputs are combined using statistical cooperation
schemes. On this level, rejection criteria are introduced and
the corresponding system reliabilities are calculated.

3. THE FEATURE EXTRACTION MODULE

The structural feature set is a domain dependent set. Its
nature and the techniques implemented for detection and
extraction are strongly dependent of the nature of the ob-
jects to be recognized.

The first step in creating of the structural feature set is
defining a reasonable set of elementary shape primitives
for digit constructions. We have proposed 27 elementary
primitives showed in Fig. 2. The digit image is searched for
these primitives twice: firstly on the original digit image
orientation, and secondly on the rotated digit image for 90°.
So, the total number of primitives is 54, and that is the num-
ber of the elements in the structural feature set.

The detection and the extraction of the structural fea-
tures are performed by dividing the image binary matrix into
two, three, four and six sub-regions. The existing shape in
each of those sub-regions is compared with the proposed
primitives in the same sub-regions whose existence is ex-
pected.

THICA KX 2

COIN XK

6 4 2 12

Cnuka 2. PernoHure u enemeHtapHute obnuuyum
Fig. 2. Image sub-regions and the elementary
primitives
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TIpBHOT 4eKOp NpU KPEUpamkeTO Ha CTPYKTYPHHUTE
obenexja e ne(pUHUPAKHETO Ha PA3yMHO MHOKECTBO
eJleMeHTapHH OOauIM Off Kou nudpara MOxKe fa ce
KoHcTpyupa. Hue npeanoxusMme 27 eneMeHTapHU
obnuiy npukaxanu Ha Cn. 2. EnemenrapHuTe o6y
Ha cllMKaTa Ha nudpaTa ce 6apaaT gBamaTH: IPBO HA
OpHUrHHaJIHATa OPUEHTalja, a MOTOAa Ha HCTaTa CITNKA
porupaHa 3a 90°. Taka BKYDHUOT Opoj eeMeHTapHU
o0uIM € 54, ma ToNKaB € U OpOjOT Ha CTPYKTYPHHUTE
o6enexja. [lerekuujata ¥ eKCTpaKHjaTa Ha CTPYKTYP-
HUTe 00esiexja ce IpaBy o nofienta Ha MaTPUIaTa Ha
nudpaTa Ha ABa, TpY, YETUPH U iecT peruonn. O6au-
LUTE BO CEKOj OfI OBKE PETHOHN Ce CIOpeNyBa co mpex-
JIOXKEHUTE eIeMEHTapHU OOGAMIY BO UCTHTE PETHOHYU
KaJie MITO ce 0UeKyBa HUBHOTO MPUCYCTBO.

Taka, CTpyKTYPHOTO MHOXKECTBO Ha ofenexja ce
cOCTOH Off 54 BpEMHOCTH Ha IPECMETAHUTE CAUYHOCTU
[9] Mefy oGauUUTE BO COORBETHUTE PETHOHU H COOJBET-
HUTE eJeMEeHTapHH OOJIUIIH.

CTaTUCTHYKOTO MHOXKECTBO obeliexja ce COCTOM
of 62 BpenHOCTH JOGHEHH IPEKY NPeCcMeTKa Ha I'YCTH-
HHUTE Ha UPHH TOYKH BO Pa3IMYHK PETMOHH HA CIUKATA
Ha nudpara. [Ipeate 54 cratuctuyku obenexja ce
TOOHBAaT Off XUCTOrpaMUTe ¥ TOA ON BEPTUKAJHHTE
(16), xoprzontanuure (16) u aBete gujaronanny (22)
npoekiuK (1o 5 TOYKH JeBO W AECHO Off IJaBHATa |
cropefiHara gujaroana). [Tocnegaure 8 obesnexja ce
AOOHEHU O pa3iMyHU PerHOHH (30HK) Ha CIUKaTa Kako
IITO € IpuKaxa#Ho Ha Ci. 3.

Ogoj Tun Ha oGesexja Bo pa3nwyna dopma ce Ko-
PHUCTEHH BO MHOTY CHCTEMH 32 PENO3HABabe CHMO0IIH
(ua npumep [10]).

4, PE3YJITATU

Ba3ara 3a exciepuMeHTH € ekcrpaxkuuja o NIST
(National Institute of Standards and Technology) Gazara
Ha co paka ucnumianu uucpu (Bugu Cn. 4). Bkynauor
6poj on 23.898 npumeponu Ha AP € MOAEIEH Ha IBE
rpyms 1 Toa 17.952 npuMmepoim 3a azara Ha 00yuyBame
1 5.946 npuMeponu 3a ¢pazara Ha TecTupame. Lugpure
on Oa3aTa ce OpraHM3UpaHy TakKa HITO HU(pUTE 3a
TeCTHpatbe NMpHnaraaT Ha pasjiuyHU NUOIYBAYU Of
uudpure 3a 00ydyBame.

Hue xopucresme MHB knacudukarop co I'aycoso
janpo. [opanu rosemuot Gpoj npuMepouu Gelle Ko-
pucTeHa topobycHa BapyjanTa Ha corep (SVM Torch)
3a oOyuyBame Ha MHB knacudukaropure [11].

Hanesure Ha 0BOj Knacu(UKATOp NPUMEHET Ha
HalIUTE MPEMEPOLHU ce BO uHTepBanot [-8, 5]. la ru
O3Ha4YHMeE H3JIE3UTE Off KNacuUKATOPOT BO onaraiku
penocnenco0,,0,,...,0,,(0,e20,e...e>0, ). Hammor
KPHTEPUYM 3a OT(pIiiarbe Ha HECUTYPHUTE Kilacupuka-
1y ce 6asnpa Ha IpBUTE ABa n3ie3a. Cexoj IpUMepox
3a KOj HajBUCOKHMOT HM3Je3 off kaacupukaTopor O, €
nomMan of faneH npar 7, (O, < T,) Wiy 3a KOj pa3iauKara
Mefy IBaTa HajBUCOKM H3JIE3H € TOMasna Off laJieH npar

Thus, the structural feature set is composed of 54 values
of the calculated similarities [9] between the found shapes
in the corresponding sub-regions and the corresponding
elementary primitives.

The statistical feature set is composed of 62 features that
give the pixel-based information presented by the densities
of the lit pixels in various regions of the digit image. The
first 54 statistical features are obtained from the projection
histograms obtained by the vertical (16), horizontal (16) and
two diagonal (22) projections (5 pixels left and right around
the main diagonals). The last 8 features are obtained from
the zone-pattern regions showed in Figure 3.
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Fig. 3. Projection histograms and

This kind of features in different forms has been ex-
ploited in many pattern recognition systems [e.g. 10].

4. THE RECOGNITION RESULTS

The database for our experiments is an extraction of
the NIST (National Institute of Standards and Technology)
handwritten digit database (see Fig. 4). The total number
of 23.898 digit images is divided into two groups, 17.952
images for the training phase and 5.946 images for the test
phase. The digits from the original database are rearranged
so that digits in the test set belong to different writers from
those in the learning set.

We have used a SVM classifier with Gaussian kernel. Be-
cause of the large number of samples, a more robust variation
of SVM training software (Torch3) has been used [11].

The outputs of this classifier applied on our samples fall in
[-8, 5] interval. Let us denote the classifier outputs in de-
scending orderby O, O,, ..., 0,,(0, €20, ez... €20, ). We
have used a rejection criterion based on the top two classifier



Pasbubare Ha MHOXeCTBOTO oberiexja 3a koMbuHuparbe Ha Knacugukaropm
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T,(0,- 0, < T,) ce ordpna KaKo HECHI'YpHA Kilacuuka-
muja. IopecyBajkn ru oBHe MparoBH 3a fa ce pobue
KOBEPIHBOCT Ol HajMankKy 99% HuUe ru foOuBMe
pe3yaTaTuTe puKaxkaHu Bo Tabenara 1.

Ta6ena 1. HuBoata Ha npeno3HaBatbe 3a
CTPYKTYPHUTE, CTaTUCTUYKUTE U ABeTe
chamunum obenexja saegHo

MHB
Mpen. Mpen. (Morp.|OTdp. | Odosep.
Tayoomo || T T | T e e |y
laApo) (] (] 0 (] 0
CTPYKTYpH# 0.382,
o6enexija 94 92 1.4626 81.97 | 0.81 1 17.22 | 99.02
[CTaTncTuukm -0.533,
obenexija 97.01 0.9088 92.40 | 0.92 | 6.68 99.01
CTpyk. +
 Crar. |97.73 0602752' 9476 | 0.94 | 429 | 99.02
obenexja ’

IIpen. e HUBOTO Ha NMpenO3HaBambe Ha Kiacuguka-
topot. ATIpen., ITorp. u Otcp. ru 03HaUyBaaT HABOATA
Ha NpEeNo3HaeHM, NOTPEIIHO PEeNno3HaeH! 1 OT¢pIieHH
IPUMEPONH O MHOXKECTBOTO 3a TECTHPAE 3a IOBEp-
JIUBOCT Off HajManky 99% pmoGueHu co KpUTEpUYM 3a
OT(piame MTO I'M KOPUCTH HANCHATE BPETHOCTH 34
nparosure T, u T,. [JoBep. 03Ha4yBa JOBEPIUBOCT IUTO
ce gobusa co dopmynara ogrep. = [NIlpen./(100%-
Ordp.). OBue pe3ynraTé MOKaxKyBaaT ieKa CTaTHC-
TUYKOTO MHOXKECTBO 06€eNeKja faBa IOBUCOKO HUBO HA
IPETNO3HaBake Off CTPYKTYypHOTO. Cenak, HUBOTO Ha
Ipeno3HaBame Off CTATUCTHUKUTE obenexja e 3a
noseke of 0.7 % nOHUCKO O OHa JoOKeHO co Knacudu-
KaTop MpUMEHET Ha NEeJOKYIMHOTO MHOXKECTBO obe-
nexja.

4.1 KomOuHupame Ha OAJIYKHTE O CTPYKTYPHOTO H
CTATHCTHYKOTO MHOJKECTBA o0eliexja

lllemute 3a KOMOUHUpaLE ce H3rPaJICHN OKOMY ABa
MHB knacucukatopa WITO NpaBaT Kiaacugukanuja
OJJIENTHO CO TIOMOIII Ha CTPYKTYPHOTO M CTATHCTHYKOTO
MHOXeCTBO obenexja. Bo Tabenarta 2 ce gageHu HU-
BOATA Ha [IPETIO3HABaK-€ HAa PA3JIMYHY LIEMU 3a KOMOK-
HHUpame Ha kiacupukaropure. Tyka KOPUCTEBME UCTH
KPUTEPHUYMH 32 OT(plalkbe Ha IPUMEPOLIUTE KAKO BO
rabGenara 1. Bpepnocture 3a nparosure T, u T, ce
NOBTOPHO TaKa W30paHu Aa ce foOHEe NOBEPAUBOCT O
HajManky 99%.

Meronute 3a koMOuHUpame: [Ipoussop, [lemncre-
poso npasuiio, Heoppenen nuurerpan u OanyuyBaukuTte
mabyIoHK 6apaaT BEPOjaTHOCHU H3JIE3U. 3a IPECTUKY-
Bak¢ Ha OpUTMHAIHUTE U3ne3u Bo uartepsan [0, 1] ja
kopucrteBMe ¢yHkiujara 1/(1+e™).

3a goHecyBamwe OJIyKa, IPBUTE YeTUPH KOMOUHU-
pama KOpHCTaT MaKCUMYyM Ofl CyMaTa, MaKCHMYM Off
[IPOM3BOJOT, MAKCHUMYM OJl MAKCUMYMHUTE H MAKCHMYM
Ol MUHUMYMHTE Ha COOJBETHHUTE NNAPOBH Ha U3JIE3UTE
on xnacucpukaropute [12]. IlemrncrepoBoro npasuio
T'¥ KOPHCTH HEOIPEEHOCTHTE BO H300pHTE Ha Kilacupu-
KaTOpHTE NIPEKY AOAeIyBambe Ha oMana goBepba Ha

Is]lof][/][4][2][M[2][1]1#]
B3llAB/el 7] #1617
Milallzll/][4l12]l ]3]l 7]
Rfi2llell ][0l 6llo][F] e
L1817/l /T3]19]18]1sT1a 113
13/lol[2]l#]l7lgllOllg /14 /]
l¢llelloll4ll el 7]10] ]
L/z/1]1e][3][e]l2][/]12]17]
[ENEN|wdiF 41 P2 6|2
lellz]14]1éll2loll7/18113] /]

Cnuka 4. 100 npumepouu Ha uucpm
Fig. 4. 100 handwritten samples

sifier outputs. Each sample for which the highest classifier
output O, is smaller than a certain threshold 7, (O,< T ) or
for which the difference between the top two classifier out-
puts is smaller than a certain threshold T, (O, - 0, < T,) is
rejected. Varying these thresholds to obtain reliability of at
least 99% we have obtained the results shown in Table 1.

Table 1. Recognition rates on the structural,
statistical and both feature families

SVM (Gaus-|Recog T, T, RRecog.|Miscl.|Reject.| Reliab.

sian kernel)| (%) (%) (%) | (%) (%)
Structural 0.382,
teatures | 9492 | 1 4p06 | 81:97 | 081 17.22 | 99.02
Statistical -0.533,
teatures | 9701 | 0 oogs | 9240 | 0.92 | 6.68 | 99.01

Structural +
Statistical | 97.73
features

0.0056,

0.577 94.76 10.94 | 4.29 | 99.02

Recog. is the classifier recognition rate. RRecog., Miscl.
and Reject. denote the recognition, misclassification and
rejection rates for reliability of at least 99% provided by the
rejection criterion using the corresponding values of T,
and T,. Reliab. denotes the reliability that is calculated as
Reliab. = RRecog./(100%—Reject.). These results show that
the statistical feature set has stronger discrimination power
and provides better recognition rate. However, the recogni-
tion rate of the statistical feature set is more then 0.7 per-
cent lower then the recognition rate of the classifier applied
to the complete feature set.

4.1 Decision Fusion on Statistical and Structural
Feature Sets
The classifier cooperation schemes are built around two
SVM classifiers performing classification separately on
structural and statistical feature families. In Table 2, the
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moManky curypuute n36opu [13]. Hausnoro BajecoBo
KOMOMHHpae ' KOPHCTH KOH(PY3HOHNTE MATPUIM HA
KnacH(pUKaTOPHUTE 32 MPOIEHKA HA CHUTYPHOCTA Ha
HusHATE omnyku [13]. TIpe6pojysameTro Ha Bopna e
ellHa FeHepan3anyja Ha KOMOUHIpalke CO MHO3UHCKO
rnacame [14]. Heogpenenunot unterpan 6apa MakCuMa-
JieH CTENICH Ha COTJIaCHOCT Mely 00jeKTHBHHTE Bpel-
HOCTH (HOOHEeHH Off COpTHpAHHUTE U3JIE3HU Ha Kiiacu(prKa-
TOpUTE 32 KOHKPETHa KJ1aca) M OUYeKyBamwaTa (Jo0HeH:
KaKO MEpHM Ha HEoNmpeleJICHOCT Ha ABaTa KiacuguKa-
Topa) [15]. Hue ucro Taka KOpPHCTEBME HEKOIKY
OnnyvyBayky 11abJIOHH 32 KOMOHHHPAe Ha KIacupu-
KaTopH fafieHu BO [16]. [IMHAMUYKHAOT IPOCEK KOPHCTH
OUHAMMYKHA JOAEJICHN TEXUHHU HITO ce MOJecyBaaT
TaKa IITo Ke OUjlaT NPONOPLUOHAIHYE HA CUHTYPHOCTHUTE
Ha MOOMENHUTE U3Ne3N off KiacuuKkaTopuTe, a He Ha
rno6GanHo H30paHy TEXUHN Kako Kaj O6oMIITeHHOT KO-
mureT [17]. Kom6unnpameTo npexky O6ommnTeHHOT
KOMHUTET ce 6a3Kpa Ha TEXKMHCKATa CyMa Ha OJIIIyKUTE
Ha Ki1acudukaropure [ 18). Moandukysarnor O6omrreH
KOMMTET ce pa3nnKypa o OOONITEHNOT KOMUTET CaMO
no n30paHKuTe TEXKUHN KOH CE PA3IHYHH 32 CEKOja Kiiaca.
Co npyr# 360pOBH, HII€ KOPUCTEBME BEKTOP Of TCKHHH
HaMeCTO efHa 3aeHIYKAa TEXUHA 0 KJIacuguKaTop.

Hexonky pesynrtatu off Tabenara 2 3aciyxyBaar
BHEManue. Hajno6pn HuBoa Ha npeno3HaBame ([Ipemn.
>97.70%) ce nobuenu of HET WeMH Ha KOMOGHHUDaHE.
Ha 3a6enexxuMe feKa OBUE PE3yJITaTH Ce PEUUCU HIAEH-
THYHY CO HUBOTO Ha IipenosHasame Ha MHB knacudgn-
KaTOPOT LITO T'M KOPHCTHU fiBeTe damiiun obenexja
KaKo elHO MHOXecTBO (sunn Tabena 1).

On npyra cTpaHa, HajfoOpH HIBOA HA IPENIO3HABAKE
3a nOoBepauBOCT off 99% ce nobueHu co mwemute 21
(O6ommurren komuteT) 1 2 (TTpousson). Osue pe3ynratu
ce 3HAYMTEJHO NONOOPH Off COOABETHUTE PE3yJTaTH
napeny Bo TaGenara 1. 'enepanyo, wemute Ha KOMOUHU-
pame CO KPUTEPHYMH 3a OT@PIIAkhe Ha HECUTYPHHUTE
KJIacH(bUKalyy HyAT IOBHCOKN HIBOA HA NTPETIO3HABAE
BO cniopenda co MHB knacnukaTopoT 1TO r'd KOPUCTH
nsere hamuiny obesiexja KaKo eJHO MHOKECTBO (BUAH
Ta6enal).

4.2 KoMOHHupabe Ha OVTyKHTE NpU CIy4ajHu
pa30uBamka HA MHOKECTBOTO 00e1exja

3afaja ucriraMe KOPHCHOCTA Ha FPYITHPAkEeTo Ha
obenexjara coopell HUBHATa "mpupopa” HUe Hampa-
BHBME HEKOJIKY ClIy4ajHu pa30uBama Ha KOMIUIETHOTO
MHOXKECTBO o0eNekja BO pasiuyHU COOJHOCH Ha
CTPYKTYPHHUTE U CTATHCTUUKHUTE 00eexKja.

bea HanpaBeHH geceT MapoBH HA CJIy4ajHH pa3bu-
Baibha Ha MHOXECTBOTO 00€JIexK]ja CO CNojyBame Ha 25
ciydajHO u3bpanu o6eneskja Of CTPYKTYPHOTO MHOXKEC-
TBO U 29 ciy4ajHo n36panu 06ENEeKja O CTATHCTHIKOTO
MHOXKECTBO (POPMUPAjKK MELIAHO MHOXKECTBO Off 54
obenexja. Ocranatute 29 o6enexja of CTPYKTYPHOTO
MHOXECTBO U ocTaHature 33 obenexja ol CTaTUCTHY-
KOTO MHOXECTBO 6€a CIIOEHH BO BTOPOTO MHOKECTBO
co 62 o6enexja. Co BaKBOTO pa3bUBaLE U CIIOjyBambe
Ha JeIOBUTE HAa CTPYKTYPHOTO M CTATHCTUUYKOTO
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recognition rates using various statistical cooperation
schemes are presented. We have used the same rejection
criterion as in Table 1, and suitable values for T and T,
were chosen in order to achieve reliability of at least 99%.

The decision fusion methods: Product, Dempster Rule,
Fuzzy Integral, and Decision Templates require possibilistic
outputs. To map the original output values to {0, 1] interval
we used the mapping 1/(1+e™).

In order to make the final decision, first four coopera-
tion schemes use the maximum of the sum, the maximum of
the product, the maximum of the maximum and the maximum
of the minimum of the corresponding pairs of the classifier
outputs [12]. The Dempster rule considers the fuzziness of
the classifier votes by giving less confidence to less cer-
tain votes [13]. The naive Bayes cooperation scheme uses
the confusion matrices of member classifiers to estimate
the certainty of the classifier decisions [13]. The Borda count
cooperation method is a generalization of the majority vote
[14]. The fuzzy integration is based on searching for the
maximal grade of agreement between the objective evidence
(provided by the sorted classifier outputs for specific class)
and the expectation (the fuzzy measure values of both clas-
sifiers) [15]. We have also used several decision template
approaches described elsewhere [16]. The dynamic aver-
age approach uses dynamic weights that are adjusted to be
proportional to the certainties of the respective classifier
outputs rather than globally chosen weights as in general-
ized committee [17]. The generalized committee prediction
is based on a weighted sum of the predictions of the mem-
ber classifiers [18]. The modified generalized committee dif-
fers from the generalized committee only by the chosen
weights that are different for every class output. In other
words, we used a vector of adjusted weights rather than
one common weight per classifier.

A few results in Table 2 deserve attention. The best
recognition rates (Recog.>97.70%) are obtained by five of
the cooperation schemes. Let us note that these results are
almost identical to the recognition rate of the SVM that
uses both feature families as one feature set (see Table 1).

On the other hand, the best recognition rates with reli-
ability of 99% are provided by the schemes 21 (Generalized
Committee) and 2 (Product). These results are noticeably
better than the corresponding results shown in Table 1.
Generally speaking, the classifier cooperation schemes with
rejection criteria offer improved recognition rates in com-
parison to the classifier that utilizes the both feature fami-
lies in one feature set.

4.2 Decision Fusion on Random Partitions of
the Feature Set

To examine usefulness of grouping features according
to their "nature” we performed a few random partitioning
of the complete feature set in different relations between
structural and statistical features.

Ten pairs of random feature subsets were created by
combining 25 randomly chosen features from the structural
feature set and 29 randomly chosen features from the sta-
tistical feature set to form a mixed feature set containing 54
features. The remaining 29 features from the structural fea-
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Tabena 2. Pasnu4Hu CTaTUCTUYKMU LWIEMU Ha KOMOUHUpatbe 1 HUBHUTE HUBOA Ha Npero3HaBare

Table 2. Various statistical cooperation schemes and corresponding recognition rates

0, 0, 0,
4 LWemu Ha KombUHUpatbe / ngen. (%) T T A:;‘ge"' (%) Norp. (%) O.I:itj:c(tﬁ) Dosep. (%)
- ecog. 1, Iz ecog. . o . . o
Cooperation schemes (%) (%) Miscl. (%) (%) Reliab. (%)

1. |Mpocek / Average 97.70 |0.453, 0.140 95.34 0.96 3.70 99.00

2. [Mpoussoa / Product 97.73 [0.376,0.039 95.39 0.96 3.65 99.01

3. |Makc-Makc / Max-Max 97.09 | 0.590, 0.197 93.51 0.92 5.57 99.02

4. |Mun-Make / Min-Max 97.23 0.322,0.122 94.80 0.92 4.27 99.03

5. |boppga npebpojysatbe / Borda count 97.70 10.907, 0.281 95.34 0.96 3.70 99.00

6. |Haween bajecos /Naive Bayes 97.24 10.919, 0.860 93.98 0.92 5.10 99.03

7. |Qemncrep / Dempster 97.78 |0.217, 0.081 94.82 0.94 4.24 99.02

8. |HeoapegeH unterpan / Fuzzy Integral 97.09 |[0.590,0.197 93.51 0.92 5.57 99.02
Opny4dyBadku wabnonu M1 / Decision

9. Templates P1 97.66 [0.518,0.097 94.57 0.94 4.49 99.01
Opny4ysayku wabnonu M2 / Decision

10. Templates P2 97.68 |0.857,0.033 94.90 0.92 4.17 99.03
Opny4ysadku wabsnonu M3 / Decision

11. Templates P3 97.61 | 0.805, 0.030 95.06 0.94 4.00 99.02
Opnyyysadku wabnonu M4 / Decision

12. Templates P4 97.56 }0.497,0.107 94.82 0.92 4.25 99.03
Oany4vyeadku wabnoxu N1 / Decision

13. Templates 11 97.66 | 0.645, 0.097 95.19 0.96 3.85 99.00
Opnydysadku wabnoHu N2 / Decision

14. Templates I2 97.60 |0.932,0.016 94.38 0.92 4.69 99.03

’ Opanydysadku wabnonu U3 / Decisio

15. Templates 13 ) 97.56 |0.827,0.015 94.94 0.94 412 99.02
Opany4yysayukuy wabnoHu U4 / Decision

16. Templates 14 96.99 ]0.489,0.183 93.53 0.92 5.55 99.02
Oany4vysavku wabnoHu U5 / Decision

17. Templates 15 97.09 ]0.352,0.216 93.02 0.91 6.07 99.03

1g. |OAnydyBaqki wabnoru L / Decision 9712 |[0577,0.195| 9358 0.92 5.50 99.02

© |Templates C ) : P . ’ ’ )

Opanyuysasku wabnoHw E / Decision

19. Templates E 97.71 | 0.967, 0.022 95.16 0.94 3.90 99.02

20. |fAnnamwuen npocexk / Dynamic average 97.70 10.204, 0.083 95.24 0.94 3.82 99.02
O6onwten komuTeT / Generalized

21. Committee 97.73 | 0.221,0.073 95.41 0.94 3.65 99.02
Moa. o6onwteH komuTeT / Modified

22. Generalized Committee 97.76 |0.216,0.074 95.27 0.94 3.78 99.02

MHOXECTBO 00elexja Hue JOOUBME MHOXKECTBA CO HCT
6poj obenexja KaKO OpPUTHHAITHUTE MHOXECTBa Ha
CTPYKTYPHH M CTaTHCTHUKU oOenexja. Hopogobuenure
MHOXECTBa COIpKaT o0enexja off [BeTe (haMuIinu BO
OJIHOC ILLITO COOABETCTBYBA Ha OPUTHHATHHUTE CTPYK-
TYPHU U CTATHCTHYKK MHOXKECTBA 25:29 ~ 29:33 ~ 54:62.
Co BakeuTe pa3biBamba HAE CME BO MOXKHOCT J1a TO
KOPHCTHME UCTHOT CHCTEM Ha Mpeno3HaBame 3a
NPaBEkE Ha EKCIIEPUMEHTHTE, T.€. la T ofberueme
NOBEKETO Off pE3yJITATCKUTE HOPEMETYBamka IITO MO-
KaT f1a ce cayvyaT Nopagu IPOMEHETHOT CHCTEM.

ture set and the remaining 33 features from the statistical
feature set were combined in another feature set containing
62 features. By partitioning and joining the parts of the
structural and statistical feature sets this way, we have ob-
tained two feature sets with the same number of features as
the original structural and statistical feature sets. The new
feature subsets contain features from both feature families
in relations that correspond to structural and statistical fea-
ture families 25:29 ~29:33 ~~ 54:62. By this partitioning we
were able to use the same system to conduct the experi-
ments, i.e. to avoid most of disturbances that could be im-
plied by the altered system.
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3a cekoj nap of MEIaHUTE MHOXeCTBa obenexja

6euie TpeHupan nap Ha MHB knacncpukaropn. Usne-
3uTe ofi cekoj nap MHB xnacudukaropu 6ea KOMOHHH-
PaHy CO UCTHTE IIeMH Ha KOMOMHUPAhE aJilcHH BO Ta-
Oenara 2. Bo Tabenara 3, ce gajieHd IpOCEYHATE HUBOA
Ha [IPETI03HaBabE 32 IECETTE CYyYajHH pa3OuBatba Ha

HE KOMIIIETHOTO MHOXECTBO obenexja.

presented.

Tabena 3. MNpoce4ynn HABOA Ha Npeno3sHaBakbe Ha LWemuTe Ha KoMbuHupatbe
3a 10 cny4ajHu pasbuBarba Ha MHOXXeCTBOTO obenexja

Table 3. Average recoghnition rates of cooperation schemes on
10 random partitioning of the feature set

For each pair of obtained feature subsets a pair of SVM
classifiers was trained to perform classification over a sin-
gle mixed feature set. The outputs of each pair of classifiers
were combined using the same classifier cooperation
schemes given in Table 2. In Table 3, average recognition
rates over the ten random partitioning of the feature set are

o, 0,
Lemu Ha KoMGUHUpatbe / Mpen. (%) T, T2 ‘qnf en. |florp. (%)| O1ehp. (%)
# Cooperation schemes Recog. (%) RRecog. (%) (%) Reject. Reliab.
) : Miscl. (%)| (%) (%)
MHoxecteo 1 (54 obenexija) / _ _
Set 1 (54 features) 96.02 (0=0.25) | 89.20 (0=1.37) 0.89 9.91 99.00
MHoxecTBo 2 (62 obenexja) / _ _
Set 2 (62 features) 96.67 (0=0.18) | 91.89 (0=0.98) 0.91 7.20 99.00
1. |Mpocek / Average 97.67 (0=0.10) | 95.32 (0=0.37) 0.94 3.74 99.00
2. |Npowuseog / Product 97.69 (0=0.10) | 95.31 (0=0.35) 0.95 3.75 99.01
3. |Makc-Make / Max-Max 97.38 (0=0.09) | 94.51 (0=0.62) 0.93 4.56 99.02
4.  |MuH-Makc / Min-Max 97.36 (0=0.14) | 94.45 (0=0.42) 0.94 4.61 99.03
5. |bopga npebpojyBatbe / Borda count 97.67 (0=0.10) | 95.32 (0=0.37) 0.94 3.74 99.00
6. |HauseHn bajecos / Naive Bayes 97.24 (0=0.12) |74.60 (0=15.15)| 0.65 24.75 99.03
7. {lemnctep /Dempster 97.63 (0=0.10) | 95.10 (0=0.45) 0.94 3.96 99.02
8. |HeoppepgeH nHterpan / Fuzzy Integral 97.38 (0=0.09) | 94.51 (0=0.62) 0.93 4.56 99.02
OpnyuyBayky wadnoHu M1/ . .
9. Decision Templates P1 97.61 (0=0.08) | 95.10 (0=0.35) 0.94 3.96 99.01
Opany4ysadku wabnonum N2 / N .
10. Decision Templates P2 97.63 (0=0.07) j 95.09 (0=0.34) 0.94 3.97 99.03
Oanyuysayky wabnonm N3 / . _
11. Decision Templates P3 97.66 (0=0.08) | 95.24 (0=0.41) 0.94 3.83 99.02
OpnyqyBadkm wabnoHwu M4 / _ _ '
12. Decision Templates P4 97.43 (0=0.10) | 94.58 (0=0.54) 0.94 4.49 99.03
Oanyuysauku wabnoxn N1/ . _
13. Decision Templates I 97.60 (0=0.08) | 95.07 (0=0.32) 0.93 4.00 99.00
Opgnyuyysadku wadnoHu N2 / . _
14. Decision Templates 12 97.57 (0=0.09) | 94.96 (0=0.45) 0.94 410 99.03
Oanyuyeadku wabnoxm N3 / _ _
15. Decision Templates 13 97.64 (0=0.11) | 95.21 (0=0.40) 0.94 3.85 99.02
Opany4ysaquku wabnonu K4 / _ _
16. Decision Templates 14 97.13 (0=0.12) | 94.20 (0=0.60) 0.93 4.88 99.02
Oanyyysauxu wabnoHn NS / . .
17. Decision Templates 15 97.38 (0=0.09) | 94.45 (0=0.62) 0.93 4.63 99.03
Oanyyysauku wabnonv L / . _
18. Decision Templates C 97.37 (0=0.10) | 94.44 (0=0.62) 0.93 4.63 99.02
Opany4dysaukm wabdnokHm £/ B _
19. Decision Templates E 97.63 (0=0.10) | 95.21 (0=0.31) 0.94 3.86 99.02
20. |AuHamunuen npocex / Dynamic average 97.65 (0=0.10) { 95.30 (0=0.35) 0.95 3.75 99.02
o, |QfonuTen komuter / 97.75 (0=0.07) | 95.34 (0=0.31) | 0.94 3.72 99.02
Generalized Commitiee
Mog. obonuwTeH komuteT / _ 5
22, Modified Generalized Committee 97.82 (0=0.12) | 95.34 (0=0.38) 0.94 3.72 99.02
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JoOuenuTe pe3ynTaTé HOKaXKyBaaT AcKa Mella-
BETO Ha obenexjaTa o "HocaaboTo" CTPYKTYPHO H
"II0jaKOTO" CTATHCTUIKO MHOXECTBO ROBEAYBa [O
nous3egHaueHn HUBOA Ha npeno3Hasame co 0.65%
npoceyHa pasiuka u 2.69 % npoceyHa pa3Jinka Kora ce
KOPHCTH KPUTEPHYM 32 OT(pliarhe 3a JOBEPIABOCT OX
99%. Bbnarara npegHOCT Ha MHOXECTBOTO Of 62
obenexja e oueKyBaHa OHfiejKi HUBHHOT 6pOj IO3UTHB-
HO BJIFijac Ha HUBOATA Ha MPENO3HABAKE.

HusoaTa Ha mpeno3HaBaw-e¢ NOGHEHHU CO CIyUajHATe
pa3bnBama HA KOMIUIETHOTO MHOXECTBO o0ejexja
(Bupu ja TaGenata 3) He ce MOJOLIHM, HO HE CE i TOROOPH
Of OHHE NOOHCHU CO pa30uBaILETO HAa MHOXECTBOTO
obenexja cropen HUBHATA NMPHPONA HA CTPYKTYDHU U
craTucTH4KY (BUAHM ja Tabenara 2). [la 3abenexume
JieKa IeT HABOA Ha NIpeNo3HaBame off Tabenara 2 HaiMu-
HyBaar 97.70%, noneka Bo Tabenara 3 TakBH UMa caMo
nBa. Op gpyra cTpaHa, HajioGpOTO HUBO HA IIPEeNo3Ha-
Bame foafa of Mogu(uKyBaHHoT OGONIITER KOMUTET
on tabenara 3 (97.82% ). Co KOpHCTEHETO Ha KPHTEPH-
yMmuTe 32 oThpiare BO HIEMHTE Ha KOMOHHUPAHE CUTY-
aljaTa e cjy4Ha, HO BO COpPOTHBHA Hacoka. Tyka Bo
Tabenata 2 pMaMe YETHPU HUBOA Ha IIPENO3HABAILE
Han 95.30%, noneka Bo TabenaTa 3 IMaMe TakBH IIECT.
Hajno6puor pesyinitaT e no6nex co OGONIITeH KOMATET
on Tabenara 2 (95.41%).

5. 3AKNIYYOK

Bo 0BOj TpyQ ce pa3riaenanu HeKou OUTHH MOMEHTH
BO KPEHPamEeTO Ha CHCTEM CO BHCOKA JIOBEPINBOCT 32
NpENO3HaBamhe CO paKa HCIHMIAHH U PHU ITO KOPUCTH
komOunnpambe Ha MHB knacudukaropu. 3a Taa uen
6ea KopucTeHHU fiBe daMuianu obeyexja HapeueHHU
CTPYKTYPHH ¥ cTaTHCTHYKH. CIIOjyBamkeTO Ha OMIIYKUTE
Ha KJIacHguKaTOpHTE € HalpaBeHO CO CTATHCTHYKHU
HieMu Ha xoMOuHMpame. 3a nofgobpyBame Ha HO-
BEPIHBOCTa HA CHCTEMOT 0c¢a BOBEICHN KPHTEPHYMH
3a oT(rpIIame Ha HEJOBOIJTHO CUTYPHUTE Kacuukanuy.

IlafennTe pe3yaraTy NOKaxyBaaT [ieka € TEHIKO
Ja ce QOCTUTHE HMBOTO Ha MPENO3HaBamke Ha elleH
KJTacuhUKATOP HITO TO KOPUCTH LEJOTO MHOXECTBO
obeJiexXja co KOMOMHHpPambe Ha ONITYKHTE Ha HHIANBUAY-
aJTHUTE KNnacuuKaTOpU KpeupaHu NOCeOHO 3a CTPYK-
TYPHOTO M CTAaTHCTHYKOTO MHOXKECTBO ofbesexja.
Cenak, KOMOMHHPAKETO Ha KTacH(PUKATOPH ja HaMa-
JIyBa KOMILIEKCHOCTA Ha CHCTEMOT, MOXKe 071aro fia ro
nogo0pH HUBOTO HA NMPEMO3HABAKHE M OBO3MOXKYBaA
nogo6pa Tpropuja Mcf'y HHBOTO Ha HPENO3HABALE H
ROBEPAMBOCTA HA CUCTEMOT. [[OMONHUTENHO, HUE TH
CHOpeAyBaBME KOMOMHHPamaTa Ha KnacupuKkaTopuTe
KpeupaHH Bp3 pa3jinuyHHu pa3buBama Ha MHOXECTBOTO
obesexja BKIY4YyBajKyl ClydajHu pa30uBama Kako H
pa3buBame Bp3 6a3a Ha "nipuponaTa” Ha obenexjara.
OBue pe3ynTaTH NoKaxaa ficka "npHupofHOTO" pa36n-
BamE Ha MHOXKECTBOTO O0ENEXK]a HE € ceKorail Hajfo-
0ap HauuH Ja ce Kpeupa CUCTEM 3a IPENO3HABAKE BP3
6a3a Ha KOMOUHUpakhe Ha KI1acu(pUKaTOpu.

The obtained results show that mixing the features from
the "weaker" structural and "stronger” statistical feature
set provides more comparable classifier performances with
0.65% average difference in recognition rate and 2.69% av-
erage difference when rejection criteria is used. The slight
advantage of the feature set that contains 62 features is
expected, because of the larger number of features used to
represent the sample.

The recognition results obtained by random partition-
ing of the feature set (Table 3) are not worse, but also not
better than the recognition results obtained by partitioning
of the feature set according to the feature nature (Table 2).
Let us note that in Table 2 five recognition rates exceeds
97.70%, while in Table 3 there are only two. On the other
hand, the best recognition rate comes from the modified
generalized committee in Table 3 (97.82%). By applying re-
jection criteria in the cooperation schemes, the situation is
quite similar in opposite way. Now, in Table 2 we have six
recognition rates over 95.30%, while there are four in Table
3. The best result is obtained by the generalized committee
in Table 2 (95.41%).

5. CONCLUSION

In this paper, we address some issues in designing high
reliability system for hand-written digit recognition using
cooperation of SVM classifiers. We used two different fea-
ture families referenced as structural and statistical features.
Decision level fusion is performed using statistical cooper-
ation schemes applied on classifiers designed individually
for both feature families. To improve the system reliability,
we introduced rejection criteria in decision fusion schemes.

The presented results show that it is difficult to achieve
the recognition rate of single classifier applied on the com-
plete feature set by statistical decision fusion applied on
the individual classifier outputs. However, classifier coop-
eration schemes reduce classifier complexity, slightly im-
prove recognition rates and enable fine tuning of the rec-
ognition versus the reliability tradeoff. Additionally, we
compare decision fusions of the classifiers designed for
different partitioning of the feature set including random
partitioning and partitioning by feature nature and show
that "natural” partitioning of the feature set according to
feature nature is not always the best way to apply classifier
decision fusion.
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