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PE®EPAT

Marucrtepckass auccepranmsi comepxut 98 crpanun dopmara A4, 29
PUCYHKOB, 25 Tabmuil u 31 muTepaTypHBIH HCTOYHUK.

KiroueBbie  cioBa:  My3bIKadbHbIE  HHCTPYMEHTHI,  KJaccH(HKaIus,
UCKYCCTBEHHBIC HEPOHHBIE CETH, MEJI-KETICTPAIbHbBIE KOI(PPHUIIMESHTHI.

OOBEKTOM HCCIEIOBAHUS SABIISIETCS 3BYK MY3bIKAJIbHBIX HHCTPYMEHTOB.

Lenb paboThl — pa3zpaboTKa alropuTMa pacrno3HaBaHUS 3ByKa MY3bIKAIbHbBIX
WHCTPYMEHTOB C BBICOKOI TOYHOCTBIO PACIIO3HABAHUS U MPOU3BOAUTEIBHOCTHIO TIPU
MUHHUMM3AIUU YHCIIa UCTIONIb3YEMbIX TPU3HAKOB.

B pabore mnpennmaraercsa crnoco® penieHus 3aJadyd, OCHOBAHHBIM Ha
HEHpPOCETEBOM  pPACIIO3HABAHWU TPU3HAKOB, M3BJICUYEHHBIX M3  AMIUIUTYJHO-
YaCTOTHOTO CIIEKTpa 3BYKOBOT'O CHUTHaJla — MEN-KeMCTPAIbHBIX KOA(P(UIIUEHTOB
(mel frequency cepstral coefficients). JlanHbIe MPU3HAKH MTPEACTABISAIOT COOOH HaOOP
BEUIECTBEHHBIX YHUCEJ, XapaKTEepU3yIOIIUX (OopMy 3BYKOBOI'O CIEKTpa, a UMEHHO
pacmpezieieHue PHEpruy CUTHaja BAOJb €ro ChekTpa. J[ias CHIKEHHS CIOKHOCTU
IPOCTPAHCTBA MPU3HAKOB IPEIJIaraeTcsi UCIOJIb30BaTh METOJI IJIABHBIX KOMIIOHEHT.
Pacno3zHaBanue NpuU3HAKOB MTPOU3BOIUTHCS C MOMOIIBI) UCKYCCTBEHHOM HEWPOHHOU
CeTH MPSMOTO PacCTIpPOCTPaHEHHs. APXUTEKTypa CETH OIPEAENSeTCS C MOMOIIBIO
HEUPOIBOIFOLIMOHHOTO AJIITOPUTMA.

B pesynbpTate mpuMeHeHus MPeasiIoKeHHOTO METO/Ia YAIOCh PEIIUTh 3aa9y
pacro3HaBaHUs MY3bIKAJIbHBIX MHCTPYMEHTOB U IMOJIYUYHUTh BBICOKYIO TOUHOCTH IpHU

MaJIOM YHCJIC ITPU3HAKOB.
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BBEJAEHUE

AKTyaJlbHOCTh  Pa®oThl.  3ajaya  pacmo3HaBaHMS  MY3bIKAJbHBIX
UHCTPYMEHTOB BOCTpeOOBaHa MpH 00pabOTKE CIOXKHBIX MY3bIKAJIbHBIX CHTHAJIOB, a
MMEHHO ay/IM03aMKCce My3bIKaIbHBIX MTPOU3BEACHUN PA3IMYHbBIX )KAHPOB, TAKUX KaK
KJIacCMYecKas My3blKa, JCTpaJHas My3blka W Jpyrue. 3ajada paclo3HaBaHUs
MY3bIKaJIbHBIX WHCTPYMEHTOB OTHOCHTBCA K Kiaccy 3amad Music Information
Retrieval (MIR), u MoxeT ObITh BOCTpeOOBaHa B CICAYIOMIUX 00JACTSIX:

¢ AHHOTHpPOBAHHUE MEIUAKOHTEHTA (METalaHHbIC)

* JUISl TEHEpaly TUICHIIMCTOB
* JUISI UCTIOJIB30BAHMS B TIOUCKOBBIX CUCTEMAX

o CerMeHTanus My3bIKQIBHBIX CUTHAJIOB

o Hnentudukaims My3bIKaJbHbIX 00bEKTOB

Taxxe maHHas 3ajada MOXET PacCMaTPUBATHCS KaK MEPBBIA ATall PEIICHUS
3aJlayd  CErMEHTAIlMU CIIOKHBIX MY3bIKAJbHBIX CHUTHAJIOB W HJACHTU(PUKALIUU
MY3BIKQJIbHBIX 00BEKTOB (HOT).

Hea» paGorbl. Llenpto paboTsl sBIsieTCa  pa3paboTKa  alropuTMa
pacmo3HaBaHUS 3BYKa MY3BIKAJIBHBIX HWHCTPYMEHTOB C BBICOKOH TOYHOCTBHIO
pacno3HaBaHUs W MPOW3BOAUTEIIBHOCTHIO TP MUHUMU3AINK YHCIIa HCIIOIb3YEMbIX
MIPU3HAKOB.

IIpeamer wucciaexoBanus. IIpeaMeTrom wuccnenoBaHus SABISETCA  3BYK
MY3bIKaJbHBIX HHCTPYMEHTOB, €Tr0 CTpPyKTypa u cBoiicTBa. Ocoboe BHHMaHWE
yAENAETCS aMIUTMTYJHO-4YaCTOTHBIM XapaKTepUCTHKaM 3Byka. B manHOIl paboTte
paccMaTpUBAETCS KaK 3BYK OT/IEIBHO 3BYYAIIMX MY3bIKAIbHBIX HHCTPYMEHTOB, TaK U
3BYK MY3BIKaJIbHBIX HHCTPYMEHTOB 3ByUaluX Ha OHE IPYTUX MY3BIKAIBHBIX 3BYKOB
B CJIOKHBIX CUTHajaX (TO €CTh CObHBIC MTAPTUH MY3BbIKATHHBIX HHCTPYMEHTOB).

Hayunasi u npakTuyeckasi HOBU3Ha. Pa3paboTan U peain3oBaH alropuTM,
MO3BOJISIONINN PACMO3HABATh 3BYKH PAa3IUYHBIX MY3BIKAJTbHBIX WHCTPYMEHTOB C
BBICOKOW TOYHOCTBHIO U TPOU3BOJAMTEIBLHOCTHIO TPH MHUHHMAJIBHOW Pa3MEpHOCTH

MPOCTPAHCTBA MTPU3HAKOB.



IIpakTnyeckass 3HAYUMOCTH Ppe3yJbTATOB. Pa3paboTaHHBIN anropuT™M
MOJKET OBITh MCIIONB30BAH JJISi aHHOTHPOBAHUS MEIMAKOHTEHTAa W KaK COCTaBHOMU
KOMIIOHEHT pEIICHUs 3a/JaYd CErMEHTAlMU CJOXHBIX MY3BIKAJIbHBIX CHUTHAJIOB U
UACHTU(UKAIINYA MY3bIKaJIbHBIX 00BEKTOB (HOT).

Anpobanusi paéotTbl. Pe3ynbrarel paboThl ObUTH ONyOJUKOBAHBI B Tpyaax X
MexyHapoiHOIl Hay4yHO-IIpakTH4ecKol KoHpepeHun «KitoueBble acmnexTsl
HayyHOU nearenbHOCTU—2014» (ITonbuia, 2014 r.), XX MexayHapoaHON Hay4dyHO-
npakTHUecKol KoH(pepeHIMH «COBpEMEHHbIE TEXHUKAa U TexHojorum» (r. Tomck,
2013 r.), | MextyHapogHoit Hay4YHO-TIPAKTUYECKON KOH(EepeHIINU
«MH(popMaoHHbIE TEXHOJOTMH B HayKe, YIPABICHWH, COIHUAIBHON cdepe u

meauuuHe» (r. Tomck, 2013 1.).



1 METO/JbI 1 OB30P JIMTEPATYPBI

YenoBeuecknii MO3r CIOCOOEH paclio3HaBaTh pa3lUYHble BU3YyaJbHBIE U
3BYKOBBIE O0pa3bl, B TOM YHCJE W OTIWYATh 3BY4aHWE OJHOTO MY3BIKAIBHOTO
WHCTPYMEHTA OT JPYToro, Aake Ha (poHe 3BydaHus Ipyrux MHCTPYMEHTOB. B naHHOM
paboTe paccMarpuBaeTcsi mpobOiieMa  pacmo3HaBaHHS TeMOpa  OTAEIHHOTO
MY3bIKQJIBHOTO HHCTPYMEHTA Ha OCHOBE €ro CHEKTPaJbHBIX OCOOCHHOCTEH C
MIPUMEHEHUEM HEMPOHHBIX CETEH.

3ByK MOpeAcTaBisieT CcOOOM BOJIHY, pacHpOCTPaHSIONIYIOCS B Cpele U
U3MEHSIONIYIOCST BO BpeMeHu. Jlo0as BoJHA XapaKTepusyercs CIEKTPOM H
aMrutyao. KaxIplii My3bIKalbHbIE HHCTPYMEHT HMEET CBOE HEMOBTOPHUMOE
3By4aHHE, KOTOPOE XapaKTEepU3yeTcss HaOOpoM OOEpPTOHOB COAEPM AIIMXCS B 3BYKE
JTAHHOTO MY3BIKQJIBHOTO WHCTpyMeHTa. (CxemaTudeckoe H300pakeHHE OCHOBHOTO

TOHA 1 00EPTOHOB BO BPEMEHHOM JMalia30HE MPEACTABICHO Ha pUCyHKe 1.1.

O CHOBHOH TOH

(oepToHbI

Pucynok 1.1 OcHOBHOM TOH U 00epTOHBI [1]
[TonpoGHOE onMcaHne My3bIKATBHOTO 3BYKa, €r0 CBOHCTB M 0030p JUTEpPaTyPhI

BBLINIOJIHEHBI HA QHTJIUHMCKOM SI3BIKE U MMpCACTABJICHLI B ITPHIJIOKCHUHU A.



2 PACIIO3HABAHUE MY3bIKAJIbBHBIX THCTPYMEHTOB HA OCHOBE
HEUPOCETEBOI'O AHAJIN3A AMIIVIMTY IHO-YACTOTHbBIX
XAPAKTEPUCTHUK

2.1. Mes-yacToTHbBIE KencTpajibHble KOG GUuuneHThI

I'maBHOM 3amayell B CTAaTUCTUYECKOM PACIIO3HABAHUH SIBJISIETCS BBIJICICHUE U
U3BJCYEHUE Npu3HaKkoB. [lox BbLAENEHMEM NPU3HAKOB IOHUMAETCS IIPOLIECC, B
KOTOPOM IIPOCTPAHCTBO JAHHBIX IPe0Opa3yeTcsi B MPOCTPAHCTBO MPU3HAKOB.

OCHOBHOI XapaKTEPUCTHUKOW OTIMYAIOMIEH 3BYK OJHOTO MY3BIKaJIbHOI'O
UHCTPYMEHTA OT JpPYIrOro SIBJIAIOTCS OOEPTOHBI (JOMOJHUTEIbHBIE YaCTOTHI,
coJieprKalirecs B 3ByKe) U UX U3MeHeHue Bo BpeMeHu. MHdopmanno 06 obeproHax
L€J€CO00Pa3HO U3BJIEKATh U3 CIIEKTPAIBHON XapaKTEPUCTHKU 3BYKOBOI'O CUTHAJIA C
Y4ETOM AMIUIMTYAbl CHEKTPAJIBbHBIX COCTABIAIOIIMX M HCIIOIB30BaTh TaKYIo
uH(pOpMaMIO IS pElIeHUs 3a7auyd pacro3HaBaHus. OJHAKO CHEKTp CUTHaia
npeAcTaBisieT coboi OoJblIol HAOOp JaHHBIX, a HMMEHHO BCE YacTOTHI,
COJIeprKalIMecs B CUTHAJIE, UTO SIBJIAETCSA U30BITOUHBIM J1JIsl IOCTABJICHHON 3a4a/iu.

BcenenctBue u30BITOYHOCTH HMH(POPMALMM B CIEKTPE CHUTHAla, BUAMTCS
1eIeco00pa3HbIM, CHU3UTh Pa3MEPHOCTh MH(OPMALMKM U BBIACIUTH MPU3HAKU W3
IIPOCTPAHCTBA AaHHBIX. [ 3TOM LEnu npeaaraeTcs UCIOIb30BaTh MEI-YACTOTHBIE
kerictpanbHbie kodhdunmentsr (Mel-frequency cepstral coefficients, MFCC) — natop
KO3 (UIUMEHTOB, XapaKTEPU3YIOIINX CUTHAJ HAa OCHOBE €r0 CIEKTpa U aMIUIUTYIbI.
JlanHble KO3(PPUIMEHTHI YCIENTHO MPUMEHSIOTCS B 33Ja4ax paclo3HaBaHUs peyuH, a
TaK)Ke 3apEKOMEHJIOBAJIM ceOsl KaK MPHU3HAKH, JAI0IIMe HauOOJbIIYyI0 TOYHOCTh MPH
pacrio3HaBaHKe UHCTPYMEHTOB [2, 3, 4 u 5].

Men-4acToTHbIE KeNCTpajdbHble KO3(P(PUUIUEHTHI SBISIOTCS MPEICTABICHUEM
CUTHAJIa, ONPEAEISIEMbIM HA OCHOBE €r0 CHEKTPAJIbHOW IJIOTHOCTU. CIeKTpasjbHas
IJIOTHOCTh CHUTHAjia PacCUMTHIBAETCA C MPUMEHEHHEM OKOHHOW (YHKUHWH, pa3zMmep
OKHA HEJIMHEWHO u3MeHseTcs. JlaHHBIM NOAXOJ AamNIpOKCUMHUPYET IIOBEACHUE
CIIyXOBOM  CHUCTE€MBbI 4YelOBeKa. DBrepBble  Men-4aCTOTHBIE  KEICTPaJbHBIE

ko3 dunmeHTsl ObUTH TpeiokeHbl [[PBrcoM n MepmensbiuteiinoMm [6], KOTOpbIe



noka3aian 3(pQEeKTUBHOCTh UX MCIIONB30BAHMS JIJISl PEUICHHs 3aJad Paclio3HaBaHUs
peun.

AJTOPUTM BBIUMCICHUST MEJI-YAaCTOTHBIX KeCHpaldbHBIX KOI(P(HUIIMEHTOB
MIPEACTABIIECTCS CIECIYIOIIMMU dTalaMu:

1. Pa30ueHne BXOJIHOTO CHUTHAJIa HA KOPOTKHUE MTPOMEKYTKH (OKHA).

2. Bpluucienue chnekTpa CUrHajga i KaXJIOro OKHAa Ha OCHOBE

npeoOpa3zoBanus Dypbe.

3. Pacder criekTpanbHOM MIOTHOCTH C TPUMEHEHUEM MeJI-IIKabI.

4. Bprumncienue norapupma CeKTpaabHOM MIOTHOCTH.

5. BrInonHeHue qucKpeTHOro KocuHycHoro npeoopazoBanus (IKIT).

6. OtOpacsiBaHre BTOPOIl MOJOBUHBI MOTYYEHHBIX KOA(DPHUITMEHTOB.

Tenepb paccMOTpPUM HEKOTOPBIE ATalbl MPUBEAECHHOIO allrOpUTMa OoJjiee
OAPOOHO.

Pazbuenue 6xoonozo cuecnana. Ayauo CHUTHajl TMOCTOSIHHO HM3MEHSAETCS BO
BPEMEHHU, I YHOPOUIEHUS padOThl MPEANOJOKUM, YTO CUTHAJI IOCTOSHEH Ha
HEKOTOPOM MajOM BPEMEHHOM HHTepBasie (IOCTOSIHEH B CTATUCTHYECKOM CMBICIIE,
T.€. CTATUCTUYECKHU CTAllMOHAPHBIN, T.K. OYEBUIHO, YTO JJAKE HA MAJIOM BPEMEHHOM
WHTEpBaJe CUTHal Bceraa u3Mensercs). [loaTomy Mbl pa3dnBaeM BXOJAHOW CUTHAT HA
npoMexxyTKu (okHa) pazmepom 20-100 mc.

Pacuem cnexmpanvnot naomnocmu cucnana. B UEIOBEYECKOM  yXe
HAaXOJUTCS OpraH — YJIUTKa, KOTOpas BHOpUpPYEeT B pa3IUYHBIX 4YaCTAX B
3aBUCUMOCTH OT YacTOThbl 3ByKa. DTH 30HbI BHOpaluu BO3JACHCTBYIOT Ha pa3HbIC
HEpPBHbIE OKOHYAHHWA, I[I03BOJISAA MO3TY aHAJU3UpPOBaTh W HHTEPIPETHPOBATH
3BYKOBOW CHUTHAJ.

[TonHbI CHEKTP CHUrHajda COJAEPXKUT OOJBIIOE KOJUYECTBO H3OBITOUHOMN
uHdopmaruu, He TpeOyemMoul i pelieHus 3ajad pacro3HaBaHWsS CUTHaIa. B
YaCTHOCTH, VYJIMTKA HE MOXET BOCHPHUHUMATh pPa3HUIy MEXKIAy OJU3KO
PacnoJIOKEHHBIMM 4YacTOTaMU. OJTOT 3(PQPEKT CTAHOBUTHCSH OOJ€e 3HAYUMBIM MPH
BO3pACTaHUU 4acTOThL. [1o ATOI mpuYnHE BECh YacTOTHBIN pa30MBaeTCs HA YYaCTKH,

3aTEM BbBIUHUCIIACTCA CyMMapHasa OHCPrud ydacTKa, IIPpHUYEeM Y4YaCTKHM 4YaCTUYHO



NepeKphIBAlOTCA. Pa3Mepbl 3TUX YYacTKOB PACCUUTHIBAKOTCA MPU MOMOLIM MeE-
IIKaJbl: IEPBOE OKHO OYEHb Y3KO€ M TOKAa3bIBAET, CKOJIBKO 3HEPrUU COAECPKUTCS
OKoJI0 HyJs repu. [Io Mepe Bo3pacTaHus 4acTOTBI pa3Mep OKHA YBEIUYMBACTCS, TaK
KAaK M3MEHEHHS B BBICOKOYACTOTHOM JIMANa30HE MEHEE Pa3IMuUMMBbl YEJIOBEYECKUM
yxoM. bonee noapobHoe onucanue 1aHHOro 3Tana OyAeT MPUBEIECHO HUXKE.

Buviyucnenue nozapugma. 1locne BBIYMCIECHUS SHEPTUHM, Mbl BBIYMCISIEM €€
jgorapudm. DTO TaKKEe MOACIUPYET CIYyXOBYIO CHUCTEMY UENOBEKa: Mbl
BOCIIPDUHMMAeM TIPOMKOCTb B  HEIMHEHHOM IIKaJle — U1 yJBOCHMS
BOCIPUHUMAEMON IPOMKOCTH HEOOXOIMMO YBEIHUUTh IHEPTHIO B 8 pas.

Buvinonnenue ouckpemnozco Kocumycnoz2o npeodpasoganus. llocnenHum
[IaroM SIBJISIETCSI BBIMOJIHEHUS JMCKPETHOIO KOCHHYCHOIO IpeoOpa3oBaHMs AJist
MOJIYYEHHBIX JIOTapu(pMoB 3Hepruil. EcTb ABE€ OCHOBHBIE MPUYMHBI ISl BHIITOJHEHHUS
JAHHOTO Jrana. Tak Kak y4YaCTKHM 4YacTOT, JUIi KOTOPBIX BBIYMCIISIETCS SHEPIHs,
YaCTUYHO MEPEKPHIBAIOTCS, TO OHU JOCTaTOYHO CHJIBHO KOPPEIUPYIOT IPYyr C
apyrom. JIKII ycrpanser nanHyro koppensiuuio. Takke BbICHIME KO3(PPUIUEHTHI
JKII npencTaBisitoT pe3Kue U3MEHEHUS SHEPTUHA. DTH PE3KHUE U3MEHEHUS YXYALIAI0T
TOYHOCTh PACIO3HABAHUS 3BYKOBBIX 0O0pa30B, MO3TOMY CTapiine KO3(PQPUIHUEHTHI
JKII  orOpaceiBalOTCS, UYTO  IO3BOJISICT  IOBBICHTH  MPOU3BOJAUTEIBHOCTH
pacro3HaBaHMS.

Men-1ikana COOTHOCUT BOCHPHUHMMAEMYI0 4YacTOTY, WM BBICOTY, YHMCTOTO
TOHA K pealibHOM YacToTe 3ByKa. JIFoAM XOpOIIo 3aMeyaroT HeOOJbIINEe U3MEHEHUS
YacTOThl B HHM3KOYaCTOTHOM JMAaNa3oHE, OJIHAKO B BBICOKOYACTOTHOM JIMAIla30HE
WU3MEHEHHUsS] YacTOThl JJI1 YeJIOBeKa MEHee 3aMeTHbl. TakuMm o0pa3zom, Mem-IiKaia
aJanTHPYET YaCTOTHI K YEJIOBEYECKOMY BOCIPUSATHIO.

[IpeoOpa3zoBaHusi 4aCTOTHl B MEJI-IIIKATy BBIMOJHSIETCS COIJIacHO (opmylie

(2.2).
M(f) = 1125 - In(1 + L) (2.1)
Oo0patHOe MpeoOpa3zoBaHKe BBIMOIHACTCS M0 hopmyiie (2.2).

M~1(m) = 700 - (etizs — 1) (2.2)



Ha pucynke 2.1 npencraBieHa 3aBUCUMOCTh MEJI-4aCTOTHI OT (PAKTUIECKOMN

HaCTOThI.
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Pucynok 2.1. 3aBUCMMOCTb MEJI-4aCTOTHI OT (DAKTUYECKOIN YaCTOTHI 3ByKa

Paccmotpum pacuer koddduimento 6onee moapodHo. B pacuerax Oynaem
MpeAnoIaraTth, YTO Hall CUrHai umeeT yactoTy 16KI .

B mnepByio odepens HeoOxomumo pa3duTh curHan Ha otpesku (frames,
bpeitmbl), Hanpumep 1o 25 Mc Kaxabid. Kaxnaeiii Takoir ¢dpeiM coaepkut
0.025*16000 = 400 orcueror (Samples, commios). Illar mexay nByms ¢peiimamu
OOBIYHO MeEHbIIE, 4YeM pa3mep ¢peiima, Hanpumep 10 mc (160 commuoB), 4To
MO3BOJIIET JOCTUYD MEPEKPHITUS COCENHUX (peMOB. DTO 3HAYUT, YTO €CJIU MEPBBIN
(dpeitM HaYMHAET C HYJIEBOTO COMILIA, TO BTOPOU (PpeiiMm OyaeT HauuHaThes co 160ro
coMIuIa, ripu anuHe ¢peiima B 400 coMILIOB.

Cnenyrommii mar 310 pacuer 12 koadpdunuentoB MFCC nmns kaxmoro
¢poiima. O603HAYUM UCXOHBINA cUTHAT Yepe3 S(N), Toraa Kaxaeii dpeitm ectsb Si(n),
rje N ecTh JyIMHA curHana u u3MeHsercs ot 1 go 400 (mpu pasmepe ¢dperima B 400
COMILIOB), a | €CTh KOJUYECTBO (hpeiiMOB.

[TepBbim sTanom asst pacuera MFCC siBrisseTcst BeImoTHEHUE TTPe0Opa3oBaHus

dypee. [Tycts Si(K) ects pesynbrat npeobdpa3oBanus s I-ro Gpeiima, BeIYUCIsIeMast
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o opmyie (2.3), a Pi(k) — crekrpaibHas IIOTHOCTD, BRIYUCIIIEMas 110 (hopMyIie

(2.4).

c _jmkn
S.(k) = z simh(m)e” N , 1<k <K
n=1
(2.3)
riae K ects 1imnHa nmpeodpa3zoBaHus,
h(n) — oxonnas ¢pyHkuus (Harpumep, GyHKIHS XIMMHUHTA),
N — pa3mep OKOHHOM (PyHKIIHU.
1 2
Pil) =+ 15: (k0|
(2.4)

Pesynbrat (2.4) Ha3bIBaeTCS nepuodocpamma, OHa OIICHUBAET CIIEKTPATLHYIO
IVIOTHOCTh curHana. Jlims ee pacdyera Mbl OepeM aOCONIOTHOE 3HAYEHHUE
KOMIUIEKCHOI'O 4Mcila, ITOJIyYeHHOTO B pe3ysbrare npeodpazoBanust Oypee, a Taxxe
oTOpachIBaeM BTOPYIO MOJIOBUHY KO3 uirieHToB Dypbe U3-3a UX CUMMETPHUH.

Crnenyromum stanoM mpu pacuere MFCC sBisieTcst MCHONB30BaHUE MEI-
mKanbl g pacuera KoddduuueHntoB. [ 3THX wLededl HCHOIB3YIOTCS Tak
Ha3bIBAEMbIE TPEYTOJIbHbIE (PUIIBTPBI, KOTOPHIE Mbl IPUMEHSEM K MEPUOAOTPAMME,
NOJyYeHHOW Ha mpenpiaymeM ostane. KolnyecTBO Takux (QUIBTPOB MOXKET
BapbHpoBathes 0T 20 10 40, 00bIYHO UCTIONB3YETCS 26 PUIBTPOB.

OuibTp TpencTaBigeT OO0 BEKTOp, OOJIBIIMHCTBO 3HAYEHUN KOTOPOTO
HYJIY, JIMIIb HA ONPEAEICHHOM y4acTKEe BEKTOP UMEET 3HAYEHUS OTJIMYHBIE OT HYJISL.
Jlnst mpuMeHeHus: GUIIbTpa Mbl MIEPEMHOXKAEM JTAHHBII BEKTOpP HA MEPHOJOTpamMMy.
JlauHblii QUIBTP TOKA3bIBAET, CKOJBKO DHEPTHUU MPUXOJUTHCS HA OMpPEIeTICHHBIH
y4acTok cnektpa. WimmocTpamus ucnofib3oBaHus (GUIBTPOB IMpeACTaBieHa Ha
pucyHKe 2.2: & — MOJHbIA Habop GUIBTPOB (3aMETUM, YTO (DUIBTPHI PACTIOIOKEHBI
C MepeKpbIBaHKEeM), D — mpuMep PHEPreTUYeCKOTO CIEKTpa CHrHaia, C — BOCHMOI
¢wibTp, d — dHEpreTUUecKuil CeKTop B BochMoM ¢uibtpe, € — 20-i punbtp, f—

SHEpreTUYecKui crekTp B 20-oM puibTpe.
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(=) The full filterbank (m Example power spectrum of an audio frame

1.5
o ah]
= =
E E
= 205
b | ) , & q rar
a0 100 150 200 Z50 50 100 150 200 250
(c) filter G from filterbank (d) windowed power spectrum using filter 8
1 1.5
o ah]
= =
= = 1
g 05 =
E E I:I.E
] q . . . . . 1] q . . . . .
a0 100 1530 200 230 20 100 130 200 250
(2] filter 20 from filterbank. (N windowed power spectrum using filter 20
1 0.5
o ah]
= =
= =
£ 05 =
o pur
£ =
o 0 . . . . . @ 0 . e, . .
a0 100 150 200 Z50 50 100 150 200 250
frequency frequency

Pucynok 2.2 Men-kencrpalibHas 1IKajla U JHEPreTUYECKUN CIIEKTP OKHA

Tenepp paccmoTpum TOApOOHEEe cnoco0 BhUMCICHUS (QuibTpoB. Jliis
MOJIYYCHHUS (PUIBTPOB H300PKCHHBIX HAa PHUCYHKE 2.2(a) HEOOXOIUMO BBIOPAThH
CaMyl0 HHM3KYI0 U CaMyl0 BBICOKYIO YacCTOTHl. XOPOIIMMH 3HAUYCHUSIMH SIBIISIIOTCS
300 I'm s Hwkuer vactoTel 1 8000 I'm s BeIcmied wactoTel. [locnemyromue
JEUCTBUS MOXKHO OTMHUCATH CJIEAYIOIMMH IIaramMu:

1. TIIpeoOpazoBaHue HMKHEW M BEPXHUX YACTOT B MEJI-IIKATY C MOMOIIBIO
dopmyner (2.1). B mamem cmydgaem 300 I'm sto 401,25 Mem, 8000 I'm »3T0
2834,99 Men.

2. BwiOop momOSHUTEIBHBIX TOUYEK B MEJ AHWANa30HE IJIs pacueTa BCex
dbunsTpoB. Hampumep, mns 10 ¢unbTpoB HEoOXxoauMo BwIOpaTh 12 Touek. DTo
O3HAYaeT, YTO MBI JOJKHBI PACIIONIOXKUTh paBHOMEpHO 10 Touek B Muara3oHe OT
401,25 no 2834,99 Men. B utore noysrydyum CleAyrOIIAE TOUKHU:

m(i) = 401,25; 622,50; 843,75; 1065,00; 1286,25; 1507,50; 1728,74; 1949,99;
2171,24; 2392,49; 2613,74; 2834,99.

3. IlepeBon Touek W3 MeN-MIKaIbl B (haKTUYECKHUE YaCTOTHI:
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h(i) = 300; 517,33; 781,90; 1103,97; 1496,04; 1973,32; 2554,33; 3261,62; 4122,63;
5170,76; 6446,70; 8000.

4. HaxoxaeHWe TOYEK IEPUOJIOTPAMMBI, COOTBETCTBYIOIIMX HAIIUM
gacTtoram. Kaxmol Touke B MepHoAeTpaMMbl COOTBETCTBYET OIpE/AeNIeHHAs 4aToTa,
KOTOpasi BeIuucisercs mo gopmysie (2.5).

2-(i+1)
sampleRate - n

f@ =

(2.5)
rae sampleRate — yacroTa AUCKpeTH3aIMK CUTHANA,
N — JUIMHA CUTHAJIA.

[Tocnie BbIYMCIIEHUST YaTOTHI I KAKIOW TOYKHA IEPUOIOTPaAMMbl HAXOJAUM
TOYKH, KOTOpbIE OJIMKE BCETe PACIIOIOKEHHBI K TOYKaM, HalJIeHHBIM B 11.3. B Hamem
CJIy4aeM 3TO TOYKH C UHIECKCOM:

1 =9, 16, 25, 35, 47, 63, 81, 104, 132, 165, 206, 256.

5. Pacuer ¢unspoB. IlepBbiii Guiabp HayuHaeTCs B TMEPBON TOYKE,
JIOCTUTAeT MUKa BO BTOPOM TOUKE, 3aTEM BO3PALACTCS K HYJIIO B TPETEH TOYKE.
Bropoii ¢uiabTp HauMHAETCS BO BTOPOM TOYKE, JOCTUTAaeT MaKCUMyMma B TpPEThEi
TOYKE M BO3PAILAECTCS B HYJIb B UYETBEPTOU TOUKE U T. J. PUIBTPBI PACUUTHIBAIOTCS

IIPY TIOMOIIU KycouHOU (hyHKImH (2.6).
( 0 E< f(m—-1)

k—f(m—1)
—1)<k<
Hy (k) = f(m) — f(m —1) fim—=1) <k = f(m)
: flm+1)—k

Fima1) — fom) M sk=fim+l)
; 0 k> f(m+1) 26)

rae M — yucno (GpuiabsTpos,
f(i) — yacToTBI MEPHOAOTPAMMBI, COOTBETCTBYIOIIHME TOUKaM (GHILTPOB (CM. 11.3).

Pe3ynbrat pacuera gecsitu GUIBTPOB MPEACTABIEH Ha pUCYHKE 2.3.
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The 10-filter kel Filterbank

0ar
0.ar
0.7
0.6
0.5
0.4 n
0.3
0.zr
01r
I I I I I I

0
0 1000 2000 3000 4000 a00a 6000 7000 goon
frequency (Hz)

amplitude
| | | 1 |

Pucynox 2.3 [Ipumep pacuera aecatu GuibTpoB [7]

2.2 MeToa rJIaBHBIX KOMIIOHEHT

OpnHako, Kak IpaBUiIO, U3BJICUYEHHBIE TPU3HAKK 00BEKTA TAKXKE HECYT B ce0e
HEKOTOPYIO JI0JI0 U30BITOYHON MH(POPMAIIUU 32 CUET KOPPEIALUU MPU3HAKOB JIPYT C
apyroMm. B cBsizu ¢ 3THM 11€1€co00pa3HO BBIMOJHUTH HEKOTOPOE NMpeoOpa3oBaHME
MOJYYEHHBIX MPU3HAKOB, KOTOPOE CHU3HUT KOPPEISLUHUH B BEKTOPE NPU3HAKOB U
YMEHBIIUT Pa3MEPHOCTb €ro mnpocTpaHcTBa. s ASTOM wenw mnpeaiaraercs
UCIIOJIB30BaTh METOJ TJIABHBIX KOMIIOHEHT (B T€OpUU MH(OpPMAlMK OH Ha3bIBACTCS
npeoOpazoBanne Kapynena-JloeBa), KOTOpbBIii IMO3BOJIIET MaKCHMH3UPOBAThH
CKOPOCTh YMEHBIIICHUSI TUCTIEPCUU B BEKTOPE JaHHBIX.

Meton TriaBHBIX KOMIIOHEHT HalleJleH Ha CHIDKCHUE Pa3MEpPHOCTH
MPOCTPAHCTBA MPU3HAKOB. TE€OPETUYECKH MPOCTPAHCTBO MPU3HAKOB HMEET Ty XKE
pPa3MEpHOCTh, YTO M HCXOAHOE MNpocTpaHcTBO. OpHAKO OOBIYHO MpeoOpazoBaHUs
BBITIOJIHAIOTCSL TakUM 00pa3oM, 4YTOOBI MPOCTPAHCTBO JAHHBIX MOTJIO OBIThH
MIPEICTABIICHO COKPAIIEHHBIM KOJUYeCTBOM ' deKTHBHBIX" Mpu3HaKoB. Takum

0o0pa3oM, OCTaeTcsi TOJbKO CYLIECTBEHHAs 4acThb MH(POpPMALUH, COAEpXKAILEHCSH B
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JMaHHBIX. J[pyruMm cjoBamMH, MHOXECTBO JIaHHBIX TOJBEPTaeTCs COKPAIICHHUIO
pasmeproctu  (dimensionality  reduction). Jlms  Oonbimeld  KOHKPETH3AIUH
MPEANOJI0KUM, UYTO CYIIECTBYET HEKOTOPBIN BEKTOP X Pa3MEPHOCTH M, KOTOPBIA MBI
XOTUM Tepeaarh ¢ momoinisio | gucern, rae | < m. Eciu MBI mpocTo 00pekeM BEKTOP
X, OTO MPUBEAET K TOMY, YTO CpeIHEKBaJpaThyeckas olmuOka OyneT paBHa CyMMe
JUCTIEPCHIl 3JeMEHTOB, "BhIpe3aHHbIX" U3 BekTopa X. [loaTOMy BO3HHKAaEeT BOIPOC:
"CymiecTByeT i Takoe obOpaTtumoe JMHEWHoe mpeoOpazoBanue T, s KOTOporo
oOpe3anne BekTopa TX OyneT ONTUMAaNbHBIM B CMBICIE CpPEIHEKBAIPATHUECKOU
omu6ku?" EcTtecTBeHHO, mpu 3ToM mpeobOpazoBanue T HOKHO HMETh CBOMCTBO
MaJICHbKOW JUCTIEPCHH CBOUX OTIEIHHBIX KOMIIOHEHTOB.

I[Iyctb X — mM-mepHBId  CIydailHBIA ~ BEKTOP,  MPEICTaBISIONIMMA
WMHTEPECYIONIYI0 HAac cpeay, E — omeparop cTaTUCTHUECKOTO OXUAAHUA, ( —
CAMHUYHBIA BEKTOpP Pa3MEPHOCTH M, Ha KOTOPBIH MpoeKkTupyercs BekTop X. DTO
MPOEKITUS OTIPEIEISETCS KaK CKaJIsipHOe MpousBeeHue  Ha X:

A=X"q=Xq" (2.7)

Martpuiia R pazMepHOCTH M XM SBISETCS MAaTPUIIEH KOPPEISLUU CTy4alHOTO
BEeKTOpa X, KOTOpas OMpeAensercs Kak OXXHUIaHUE TPOU3BEACHUS CIyJailHOTO
BeKkTOpa X Ha camoro ceos:

R = E[XX] (2.8)

JIJIsi HaXOXKIEHUS BEKTOPOB (| HEOOXOIWMO M JOCTATOYHO BBHITIOJIHCHHUS
ycaoBus (TI0poOHOE 00BSICHEHHE 3TOTO YCIIOBHS MpHBeaeHO B [8]):

Rg=2Aq (2.9)

B (2.9) nerko y3HaTh 3amaudy OMNpPEACICHUS COOCTBEHHBIX 3HAUEHUU. IJTa
3ajaya MMeeT HeTpuBHadbHOe pemieHue (T.e.  # 0) TOJNBKO IS HEKOTOPHIX
3HAUCHUW A, KOTOpPBIE HA3BIBAIOTCS COOCTBEHHBIMH 3HAYCHUSMH MATPHIIBI
koppermsiiiun R.  Ilpu  3TOM  COOTBETCTByIOIIME BEKTOPHI (] HA3BIBAIOTCA
COOCTBEHHBIMU BEKTOpaMH. Martpuria KOppeIsuu XapaKTEPU3yeTCs
NEeHCTBUTEITLHBIMH, HEOTPHUIIATCIILHBIMHU COOCTBEHHBIMU 3HAYCHUSIMHU.
CoOOTBETCTBYIOIIE COOCTBEHHBIE BEKTOPHI SBISAIOTCS eAMHUYHBIMUA. OO003HAUUM

COOCTBEHHbIE 3HA4YE€HHMs MaTpuibl R pasmepHocT MXM Kak A, Ay, ... Ay, a
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COOTBETCTBYIOIIUE UM COOCTBEHHBIE BEKTOPHI — (1, (2, ... , Om COOTBETCTBEHHO.
Toraa MOXHO 3anucaTh CIEAYIOICE:
Ro;j=%0,j=1,2,...,m (2.10)

[Iycte  cooTBeTCTByIOImME  COOCTBEHHBIC  3HAUCHUS  YIOPSIOYCHBI
CJIeIyIOIUM 00pa3zoM:

M>h> . >0>hy

[Ipu 3TOM A; OyZmeT paBHO Amax. I[IyCTh M3 COOTBETCTBYIOIIUX COOCTBEHHBIX

BEKTOPOB MOCTPOEHA CIEAYIOLAas MaTpUIa pa3MEPHOCTH m XM
Q=[0G .-, Gy --- > Onl (2.11)

Torma cucremMy M ypaBHEHH MOXKHO OOBEAMHUTH B OJHO MAaTPUYHOE
YpaBHEHHUE:

RQ = QA (2.12)

[TycTh 6exmop danmubix X IBISETCS peain3alueit ciydaitHoro Bekropa X.

[Ipy Hanmuuuu M BO3MOXKHBIX 3HAYEHUN EIMHUYHOTO BEKTOpa ( ClEeAyeT
paccMOTpeTh M BO3MOKHBIX MPOEKIMN BEKTOpa AaHHBIX X. B yacTHOCTH COTrJIacHO
bopmyie (2.7):

a=0'x=x'0;,j=1,2,...,m (2.13)
re @ — HIPOCKUMHM BEKTOpa X Ha OCHOBHBIC HANPAaBICHHA, IPEACTABICHHBIC
CIMHUYHBIMA BEKTOpamMHM (j. OTH TPOCKUMH dj Ha3bIBAIOTCA  2IA6HbIMU
komnonenmamu. Ilpu stom dopmyisl (2.13) MOKHO paccMaTpuBaTh KaK MPOLEAYPY
aHaau3a.

JIst Toro 4to0bl BOCCTAHOBUTH MCXOJHBIM BEKTOP JAHHBIX X HEOOXOJIUMO

BBITIOJTHUTH 00pAaTHOE NMPeoOpa3OBaHUE:

m
X =Qa= Z a; q;
j=1
(2.14)
rae a = [ay, 8, ..., am]'. @opmyny (2.14) MOXHO paccMaTpUBATh KaK MIPOLEIYPY

CUHmes3a.
C Touku 3p€HUA 3aJa4u CTATHCTHYCCKOI'o pacCIliO3HaBaHUS IIPAKTHYCCKOC

3HAa4YCHUEC aHa/JIn3a IJIaBHbIX KOMIIOHCHT COCTOHMT B TOM, YTO OH oOecIieynBaeT
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a2 deKTUBHBIN cIOCO0 coxpawenus pazmeprocmu. B 9aCTHOCTH, MOKHO COKPATHTh
KOJIMYECTBO MPU3HAKOB, HEOOXOMUMBIX N7 3P HEKTHBHOTO MPEICTABICHUS JTaHHBIX,
yCTpaHssd Te€ JUHEWHbIE KOMOHWHAIIMKM, KOTOPhICE HMMEIOT Majble IUCIIEPCHUU, H
OCTaBJIsIA T€, JUCIEPCUU KOTOPBIX Belukd. [IycTh Mg, Ay, ..., Ay — HamOonpmue |
COOCTBEHHBIX 3HAYe€HUM MaTpullbl Koppensnuu R. Torma BeKTop AaHHBIX MOXKHO

anmpoKCUMHUPOBATh, OTCEKast WieHbI paznoxkeHus (2.14) mocie |-cnaraemoro:
l

)’Z=Za]q],lSm

j=1

(2.15)

Yucna M4p ... , Ay COOCTBEHHBIMHM 3HAYEHUSMH MaTpHIlBl Koppesiuu R.

OHU COOTBETCTBYIOT CJIaraeMbIM, HMCKIIFOYaeMbIM W3 PA3JI0KEHUS, YeM OJFKe 3TH
COOCTBEHHbIE 3HAYEHUSA K HyNIO, TeM Oosiee A(PPeKTUBHBIM OYyJET COKpalleHue
Pa3MEpHOCTH B MPEACTABICHUN MH(DOpMAIMU MCXOAHBIX JaHHBIX. Takum oOpazom,
JUTSL TOTO YTOOBI 0OECTICUNTh COKPAIICHHE Pa3MEPHOCTH BXOIHBIX JAHHBIX, HYKHO
BBIYHCIIUTh COOCTBEHHBIE 3HAUECHUSI U COOCTBEHHBIE BEKTOPHI MATPUIIbI KOPPEIAIIUU
BXOJIHBIX JIaHHBIX, @ 3aTeM OpPTOTOHAJLHO MPOCKTUPOBATh O3TH JaHHBIC Ha
MOAMPOCTPAHCTBO, 3aJaBa€MbIX COOCTBEHHBIMH BEKTOpPaMH, COOTBETCTBYIOITUMU

JOMHUHHUPYIOIIAM COOCTBEHHBIM 3HAYCHUSAMH 3TOM MaTpHIls [8].

2.3 UcKyccTBeHHbIE HEIIPOHHBbIE CeTH

JIns  pewmieHus  3aJadyd  paclO3HABaHUSl MPEMJIaraeTcs  UCIOJIb30BaTh
uckycctBennble HelpoHHble cet (MHC). Huxke npencraBieHbl XapaKTEPUCTUKU
NHC, Ha oCHOBE KOTOPBIX OBLJIO MPUHATO PEIICHUE WX MCIOJb30BaHUS B KaueCTBE
KiaccudukaTopa:

1. Xopoias o6o6maromas cnocooHocts . MHC cmocoGHbI K 000011IeHUIO U
MOKA3bIBAIOT XOPOIIKUE PE3yJbTaThl HA JAHHBIX CO CJIOKHBIMH 3aKOHOMEPHOCTSIMH,
YTO SBJISIETCS HECOMHEHHBIM MPEUMYIIECTBOM JUIsI paccMaTpuUBaeMoM 3ajadu, B
CpPaBHEHMH C IPYTHUMU KJIaCCU(UKATOPAMHU.

2. Beicokas ckopocth kiaccupukaruu. MHC paboraromas B pexume

kiaccudukanuu (mocjie 3aBepIIeHHUs CTaauu oOydeHHUs), paboTaeT MPaKTUYECKH
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MTHOBEHHO, TaK KaK TPaTATCS PECYPChl TOJIBKO JJIsl BHIYUCIEHUS BBIXOJI0B HEUPOHOB
C IPUMEHEHHEM paHee MOJIyYEHHBIX HEPOHHBIX BECOB.

3. Bo3moxxHocTh MacmitabupoBanus. [Ipu n1o6aBiIeHUN HOBBIX JAHHBIX WU
KJIACCOB HE TpeOyeTcsl BHOCUTh MU3MEHEHUSI B aJITOPUTM PaOOTHI HEHPOHHOU CETH,
JIOCTATOYHO HW3MEHHUTh YHUCJIO BXOJHBIX/BBIXOAHBIX HEHUPOHOB M  BBINOJHUTH
MOBTOPHOE O0YUYEHHE CETH.

4. AnmanTtuBHOCTH. AIANTUBHOCTL JOCTHUIAETCS 3a CUET aJallTUBHOCTH €€
CTPYKTYPHBIX 3JIEMEHTOB — HEUPOHOB, TO €CTh UX CIIOCOOHOCTH MOJICTpauBaTh CBOU
MapaMeTPhI B MPOLIECCE U3MEHEHUN YCIIOBUM BHEITHEN CPEJIBL.

HckycCcTBeHHBIE HEUPOHHBIE CETH TOSBWINCHL B  pe3ysibTaTe MNPUMEHEHUS
MaTEMaTUYeCKOro ammapara K HCCICAOBAHHIO (DYHKIIMOHMPOBAHUS HEPBHOM
cuctembl. [loydeHHbIC PU 3TOM PE3YIbTATHl YCIEIIHO TPUMEHSIIOTCS IPU PEIICHUH
npoOjeM  pacrmo3HaBaHWs ~ 00pa3oB,  MOJCIHUPOBAHUS,  MPOTHO3UPOBAHUSA,
ONTUMU3AIUHU U YIPABICHUS.

OCHOBHOM CTPYKTYpHOU M (DYHKIMOHAJHLHON YacThbl0O HEHUPOHHOW CETH SBISAETCS
dbopmansHbIi HelipoH (formal neuron), mpencTaBiaeHHBIN Ha puUC. 6.1, T7I€ X0 , X1,..., Xn
— KOMIIOHEHTHI BEKTOPA BXOJHBIX CUTHAJIOB, Wq ,Wy,...,W,, — 3HAYEHHUS BECOB BXOIHBIX
CUTHAJIOB HEMPOHA, & Y — BBIXOJHOM CUTHAJI HEUPOHA.

[TonyyeHHble TIPU 3TOM PE3YIBTATHl YCIEIIHO MPUMEHSIIOTCS MPU PEIICHUU
npoOieM  pacno3HaBaHWs ~ 00pa3oB,  MOJAEIHUPOBAHUS,  MPOTHO3UPOBAHMS,
ONTUMM3AIMU U yrpaBiieHus. OCHOBHOW CTPYKTYpPHOU M (DYHKIIMOHAILHON YacCThIO
HEHpOHHOU ceTH sBjsieTcs popmaiibHbIi Heripon (formal neuron), npencraBieHHBIH
Ha puc. 1, rae Xo , X,..., Xn — KOMIIOHEHTBI BEKTOPA BXOJIHBIX CUTHAIOB, Wq ,W1,...,W, —
3HAYEHHS BECOB BXOJIHBIX CUTHAJIOB HEMPOHA, a Y — BBIXOJJHOW CUT'HAJI HEUPOHA.

Q@opMalbHBII HEWPOH COCTOMT W3 OJJIEMEHTOB 3 THUIOB: YMHOYKHTEJIEH
(cuHamcoB), cymmaropa U mpeoOpaszoBatens. CHHANC XapaKTepusyeT cuily (BeC)
CBSI3U MEXAy JByMs HeiipoHamu. CyMMmaTOp BBIIIOJHSET CJIOKEHHE BXOJHBIX
CUTHAJIOB, TMPEIBAPUTEIIBHO TOMHOXEHHBIX Ha  COOTBETCTBYIOIIME  Beca.
[IpeoOpazoBarens peanusyeT (YHKIHIO OJHOTO apryMeHTa — BBIXOJAa CyMmaTopa.

Ota (yHKUMS Ha3bpIBaeTcs (YHKUMEW aKTUBAIMM WM TNEpeIaToyHor (yHKIHeH

18



HelipoHa. Mcxoad U3 JaHHOTO ONMHCAHWs, MAaTEMAaTHYECKAasi MOJIEIb HEMPOHA MOYKET

OBITh MTPEICTABJICHA CAEAYIOIIUM 00pa3oM:

y=f(s) (2.16)

n
S = Z w;x; +b
i=1
(2.17)

¥

x C W N S P
P Y ew I —;—G
L Wy i

i [Tpeodpa-;

CyuMvarop — 30BaTelh |

Pucynok 2.4 @opmanbHbI HEHPOH
[Ipumepsl  HEKOTOpPBIX  AKTUBAIIMOHHBIX  (DYHKIMI MpeACTaBIECHBl B

tabmurie 2.1.

Tabnuua 2.1 — OyHKIUKA aKTUBAMK HEHPOHOB

Ha3Banue dopmyna O6HaCTBU
3HAYCHUH
0, S< 0 _

[ToporoBas f(s) = {1' S >0 0;1)

JIuneitnas f(§)=aS (-00; +00)
1
Jlor-curmouiHas S=— 0;1
1 ) = 1 ©:)
. eaS _ e—aS
['unepbonmuecknii TaHTEHC (s = g (-1;2)

Onucanubie (hopMasibHbIE HEUPOHBI MOKHO OOBEIUHATH TAKUM 00pa3oM, UTO
BBIXOJHbIE CHUTHAQJIBI OJHHMX HEWPOHOB SBISIOTCS BXOJHBIMU JUISL  JPYTHX.
[lonyyeHHOE MHOKECTBO CBSI3aHHBIX MEXIy COOOM HEHpOHOB HAa3bIBAIOT
UCKycCTBeHHBbIMU HelipoHHbiMu ceTssmu (artificial neural networks, ANN) wim,

KOPOTKO, HEWPOHHBIMU ceTsiMu [8].
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Ha pucynke 2.5 mpeacraBiieHa HWCKYCCTBEHHAasi HEWPOHHAs CETh MPSAMOIO
pPaCIpOCTPAHEHUS C ABYMS BXOJHBIMU U BBIXOJHBIMA HEMPOHAMH U OJJHUM CKPBITBIM

cioeM ¢ 3-Msl HepoHamu.
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Pucynok 2.5. IcKyccTBEHHAst HEHPOHHAS CETh MPSMOTO PaCIIPOCTPAHEHUS

2.4 MeToa 00paTHOIO pacpoCTPAHEHU OLUMOKH

Hanbonee pacnpocTpaHEHHBIM METOJOM OOy4YeHUSI HEHUPOHHBIA ceTel
MPSIMOTO PACIPOCTPAHEHUS SIBJISETCSI METOJ] OOpPAaTHOTO PacHpOCTPaHEHHS OLIUOKU
(backpropagation method). JaHHBIH anrOpuTM HCHOJB3YETCS JUISI MUHUMHU3AIHAN
OTKJIOHEHUS BBIXOJAHBIX CUTHAJIOB CETU OT KEIAEMBIX.

HpI/IMeM B KQUCCTBC Q)YHKHI/II/I OIHI/I6KI/I CICAYIOIIYIO BCIIMUYUHY:
1 T
E(w) = EZ(fi,k - yifk))z, (2.18)
i,k

rae fix — 3HaYeHHWEe BBIXOJAHOTO CHUTHANA K-TO BBIXOJAHOTO HEHWpOHA MpH TOoJade Ha
. T o
BXOJ I-ro Habopa oOy4arolmux JaHHbBIX, yl.(k) —TpedyemMoe 3HaueHue K-ro HelpoHa

i 1-ro Habopa IaHHBIX W3 oOyuaromiei BbIOOpkH. OOydeHHUE HEWPOHHOW CEeTH
HalleJICHO Ha MUHUMM3anuo QyHkimn E(w).
MuHuMH3a1Usl METOJOM TPAJMEHTHOIO CIIycKa O0ECHEeYMBAEeT MOACTPOMKY

BECOB CJICIYIOIIUM 00pa3oMm:

@ 0E

Aw:Y =n——m
WU naWU

(2.19)

(@)

rae Aw, j  — BEJIMYMHA M3MCHEHHS BECa CBA3M, COCIUHSIONICH -1 HelpoH (0—1) citos

C J-M HeWpoHOM cios (; 7 — K03 duireHT ckopoctu o0yuenus, 0 < n < 1. Takum

06p2130M, BC€C CBsA3U M3MCHACTCA IPOIMMOPHHMOHAIBHO €C BKJIAJAY B 3HAUYCHHUC OIINOKU
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HeﬁpOHa, IJIs1 KOTOPOT'O 9Ta CBA3b ABJIACTCA BXOI[HOﬁ, TAaK KaK YaCTHasA IMPOU3BOJHAA

0E
I10 BECY _6 IMOKAa3bIBACT 3dBUCHUMOCTDb CKOPOCTH U3MCHCHHA (byHKHI/II/I omuoOku E ot
Wij

N3MCHCHHS OTOT'O BCCA.

W3MeHeHwst Beca ONpeIeIsieTcs CISAYIOINUM 00pa3oM:

@ _
re O — 3Ha4CHHE ONIMOKM |-TO HEeWpoHa B clioe (, Xj — 3HaYCHHE I-TO BXOJHOTO
CUTHaJIa JUIs |-T0 HeHpoHa ( CJI0s.

3HaueHUE OIINOKHU HCprOHOB BBIXOJHOT'O CJIOA:

5 = (Fik(®) (fure = i)

rae Yix — Tpebyemoe, a fiy — (dakTudeckoe 3HaYCHHWE BBIXOJHOTO CHTHala K-TO

(2.21)

HelpoHa Juis I-ro Habopa naHHbIX M3 oOydvaromied BbIOOpkH, (fi(S)) — 3HaueHHe
NPOM3BOTHON aKTHBAIMOHHOHN (hyHKIMH K-ro HewpoHa s i-ro Habopa 00yJarommx
JTAHHBIX.

Ecnu HelpoH NpUHAUIEKUT OJJTHOMY U3 CKPBITBIX CIOEB, TO

, +1
5@ = (£@(sY) ZWU 5]_(q ) (2.22)
j
TIe 51@ — omubOKa I-ro HeMpoHa B cjoe (, 5].(q+1) — ommOKa j-ro HEHpOHA B CJIOC
(g+1), wj — Bec cBsa3u, coeaunstomeil atu Heifponsl, (fi(S))’ — 3nHauenme

NPOM3BOJIHOW AKTHBALIMOHHOW (QyHKIMU I-To Heiipona cios (. Takum oGpazowm,
3HaYeHHE OIIMOKM HEMpOHA MPOMOPLUOHAIBEHO €r0 BIMSHUIO Ha BEJIMYUHBI OIIUOOK
HEHPOHOB CIEAYIOIIErO CJ0s, & TAKXKE CKOPOCTH M3MEHEHHS €r0 BHIXOJIHOTO CUTHANA
st K-ro Habopa o0yJaroImx JaHHbIX.

JI1st HEMPOHHBIX CETEH C JIOr-CUTMOUAHBIMUA (DYHKIIUSIMU aKTHBAIUU:

1
S)=—— 2.23
F8) = T 223)
rjae a — KOHCTaHTa, S — B3BelIeHHAS CyMMa BXO/IHBIX CHUT'HAJIOB HeﬁpOHa, TOrga
£1($) = af ($)(1 - £(5)) 224)

dbopmyas (2.21), (2.22) npumyT BUA
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6; = afi,k(l - fi,k)(fi,k - fJ’i,k)» (2.25)

5 = af (1= f) ) wi; 87, (2.26)
J

Jlnia peanuzaiy anroputMa oOpaTHOTO PacCHpOCTPAHEHUS OIMIMOKHA MOXKET
OBITH MUCITOJIb30BaHA CJIEIYIONIAs TOCIEI0OBATEIHLHOCTD JICHCTBUIA:

1. TlpenpsBnenue odepeaHoro Habopa u3 oOydwaromield BBHIOOPKH HAa BXOJ
HEUPOHHOM CETH.

2. Briuncnenue BbIXOAHOTO CUTHAJA CETH.

3. OmpeneneHue BEIUYUH OIMMOOK HEWPOHOB BBHIXOAHOTO CJOA MO (popmyrie

(2.21) unm (2.25).

4. OnpeneneHye BEIUYUH OIUOOK HEMPOHOB CKPBITHIX CIOEB IO

dopmynam (2.22) wm (2.26).

5. OHOKpaTHasi KOPPEKIIMS BECOB CBS3EH.

6. Ecnmu B oOydaromieid BRIOOpKE €CTh HEHCIOJIL30BAHHBIC B JAHHOW 3MOXE

HaOOPBI JAHHBIX, TO IEPEXO0/T Ha miar 1.

7. Tlomcuer ommOku cetu no Qopmyne (2.18). Ecaum ommbOka MeHble

3a/1aHHOM, TO KOHEIl OOy4YeHHUs, WHaue, Ha4yaJlo HOBOM SMOXU OOydeHUs U

nepexon Ha mar 1 [8].

2.5 Heiipo3somonuonnsblii anropurm Enforced Subpopulations

HeliposBuitoliMOHHbBIE  QJITOPUTMBI  TIPEeHA3HAYEHbl I 1M0AOOpa BECOB
HEHPOHOB M apXUTEKTYphl CETH TOCPEICTBOM MPUMEHEHHUS 3BOJIIOLMOHHBIX
(reHeTnyeckux) anroputMoB. MHdopmanus o Becax U CTPYKTYpE CETU KOJAUPYETCS B
XpoMOcoMax, 3aTeéM MPOUCXOAAT CTaHAapTHbIE 3Tanbl paboThl T'€HETUYECKOTO
IrOpUTMA:

1. CkpemuBanue

2. Myramus

3. OneHka npucrnocoOJIEHHOCTH

4. Ot6op
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KoaupoBanue uHpOpManMy B XPOMOCOMAX MOXKET SIBISTHCS MPSAMBIM H
KOCBEHHBIM. BO BpeMsi HCIonb30BaHMsI MPSMOTO KOIWPOBAaHUSA MH(OPMALIUA O BCEX
BECaX U CTPYKTYpE 3aIMCHIBAECTCS B XPOMOCOMY B MCXOJHOM BHJIE, IPU KOCBEHHOM
KOJUPOBAHUHM — TPeOyeTCsl OCYIIECTBUTh HEKOTOPOE MpeoOpa3oBaHMs TEHOTHUIIA
(BHyTpeHHEH TeHeTHYeckol uH@opMaruu) B (GEHOTUI (BHEIIHHUE TMPU3HAKU
MPUCYIIUE UHIUBUTY ).

Helipo3BOJTIOLIMOHHBIE AITOPUTMBI MO3BOJISIIOT 00y4aTh HEHMPOHHBIE CETH B
cillydae, KOT/la HEU3BECTEH KEeJIaeMblii OTKJIMK CETH, a JHIIb MOXXHO OLIEHUTH
OTHOCUTEJIBHOE KauecTBO pe3yJibTara (Jiydiue, Xyxe). Ho Takke OHM NpHUroaHbl s
3aJlay ¢ U3BECTHBIM JKEJIAaEMbIM OTKIMKOM. Hampumep, ux MOXHO HCHOJB30BATh IPH
HAJIMYUU MHOKECTBAa MAapKUPOBAHHBIX MPUMEPOB (0Oyuaroieil BbI0OpkH). OJHUM U3
NPEUMYIIECTB T€HETUYECKUX aJrOPUTMOB, HAlmpUMEpP B CPAaBHEHUH, C METOJOM
OOpaTHOTO pacnpoCTpaHEHMs] OLIMOKHU SBISETCS TO, YTO OLICHUBAETCS IOJIHOCTHIO
pemenue (Bcst MHC), a He mpoucxoauT MOACTpOMKa IO KOHKPETHBIE BXOJHBIC-
BBIXO/JIHbIE JaHHBIEC, YTO TEOPETHUECKH MOXKET YIYYIIUTh CIIOCOOHOCTh HEHMPOHHOU
cetd Kk 0000menus. Kpome Toro, HeKOTOpble U3 HEUPOIBOIIOLUOHHBIX aJITOPUTMOB
MO3BOJISIOT MOAOMPATh ONTUMAJBHYIO CTPYKTYpYy CETH, YTO SBIJISETCS OYEHb
BOXHBIM, TaK Kak MOAOOP apXUTEKTYpbl CETH BPYYHYIO TpeOyeT CpaBHUTEIHHO
0O0JBIINX TPY03aTPaT U HE BCETAA YAAETCS M0100paTh €€ ONTUMAIIbHYIO CTPYKTYPY.

AnroputMm Enforced Subpopulations (ESP) npeanasnaven mist moadopa BeCoB
HEHPOHOB M ONTHUMAIBHOU CTPYKTYpbl MCKYCCTBEHHOW HeWpoHHOU cetr. OH ObLI
npeioxkeH Gaycruno ['omecom [9].

MosxeT ObITh MCHOJIb30BaH AJisi 00y4YeHHUsl JH000M CeTH C OJHUM CKPBITHIM
CJIOEM:

e [IpsiMmoro pacnpocTpaHeHUs

e (Ceru DnmaHa

e [l0THOCBSI3HOUN PEKYPPEHTHOU

Hcrnons3yeTcs npsMOE BEIIECTBEHHOE KOJUPOBAaHUE. XPOMOCOMA COIEPKUT
CJIeIyIOLIUE TapaMETPBhI:

e Beca Bcex BXOJIHBIX CBA3EH
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e Beca Bcex BBIXOJHBIX CBsI3EH

e Beca Bcex peKyppeHTHBIX CBA3EU

OO1as cxema aaropuTMa MOXKEeT ObITh OITUCaHa CIAEAYIOUIIM 00pa3oM:

1. Nauuuanuzanus

a.
b.

3amaercs h CkphITBIX HEHPOHOB

Coszmaetcst h mognomysiiuii U3 N ocodei

2. OreHka nIpucocoOJIEHHOCTH

a.

b.

C.

Kax b1t HelipoH mpuHUMaeT ydactue B monbiTkax (trials), mpu xotopbix
OH TOMENIaeTCs B HEUPOHHYIO CETh, CIy4yalHO CPOPMUPOBAHHYIO W3
HEWPOHOB APYTUX NOMYJIALNI

[Ipucnoco6ieHHOCT,  KakJa0W  ocoOu  (HeHpoHa) CyMMHUpPYeETCs
(kymynssmuenas npucnocobiennocmo)

OueHuBaHuE TPOU3ZBOAUTHCS 10 TEX IMOP, MOKA KAXKIbIM HEUPOH HE

6y,Z[CT HCII0JIB30BaH KaK MUHHNMYM B 10 momeITKax

3. TIpoBepka BbIpOKIEHUS MOMYISIIAN

a.

b.

Ecnu mpucnoco0neHHOCTh JIydllieid 0coOM HE YJIydllaeTcs B TEUEHHE
nocyieHux D mokoseHuit, To mpousBoAUTCS B3pbiBas MmyTanus (burst
mutation)

Ecnu mocnie 1ByX B3pbIBHBIX MYyTallUi HET YJTy4YIIEHHs, TO U3MEHSAETCS

ctpykrypa MHC

4. CkpeuuBaHue

a.

Boruucnenune cpeaHelt mpUCTIOCOOJEHHOCTH IJisi KaXKJIOTO HeHpoHa:

KyMYJIATUBHAs HpI/ICHOCO6J'IeHHOCTB JACJIIUTCSA Ha YHCJIO IIOIIBITOK

. CopTHpOBKa HEMPOHOB B KaXXJOW MOMYJISIUU B MOPAIKE YXYyAIICHUS

MPUCTIOCOOJICHHOCTH
W3 momysisiuy yAanasioTCs JIMIIHHUE OCOOH, T.e. HOMEP KOTOPBIX

IIPpCBOCXOAUT HavyaJbHBIN pasMep NonmyJrsinunu

. CkpeuuBaercss  1/4  wyacth  Jayymmx  ocoOedl  MOJNOIMYJISILHH.

Hcnonb3yercst 0THOTOUYEUHBIA KpocCUHToBep. [loToMKku 100aBIIsItOTCS B

KOHCI ITOAIIOITYJIALINH.
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e. JUI1 HWKHEW MOJIOBUHBI NPOM3BOAUTCS MyTalUs C PACHPEACICHUEM
Komm
[laru 2-4 moBTOpUTCS 110 T€X MOp, MOKa HE OylneT AOCTUTHYT KpUTEpHUil
OCTaHOBKH.
AJTOPUTM B3pBIBHON MyTallUl MOXET ObITh OMKUCAH CIETYIOIIMM 00pa3oM:
1. Jlnsg xaxaou moAnomyJisiiiuy ONpeaesaTbCcsd HauTydinas 0co0b
2. I'enepupyroTcs HOBBIE MOAMOMYJISIIAA BOKPYT CBOUX JIYUIIIHX 0COOEH

3. Ucnonwsyercs pacnpenenenue Komm

fx) =

a
w(a? + x?)
(2.18)
Anroputm agantanuu ctpyktypsl MHC:
1. YmMensblieHue pazmepa nomyJsiuu
a. [To ouepenu oTkmrouaeTcs oxaHa mnoamonyssinus. OctaBmuecs h—1
MOANOMYJIAIMI OIIEHUBAIOTCS CTAaHAAPTHBIM 00Pa3oM.
b. Ecnu nyumras npucnocodsenHocts HoBodt MHC, momydeHHOW mocie
OTKJIFOYEHUS TIOJMOMYJIAINH, JTy4Illle, YeM Jydliasi IPUCIOCOOIEHHOCTh
110 OTKJIFOYEHUSI, TO MOANONYJISIIUA YAATISIECTC.
2. Ecniu Hu opHa moamomyisuus He ObUla yJaieHa, TO K TOIMYJISIUU
no0aBisieTcss HOBask MOAMOIYJISIUS CO CAYy4YalHO TMPOUHUITUATU3UPOBAHHBIMU
HEUPOHAMH.
B pesynprare mporecca 3BOJIIOUUM MPOUCXOIUT CHEUUAIM3ALUS HEUPOHOB.
Omna 3akJroyaercs B TOM, 4YTO paboTa HEWpPOHA 3aBUCUT OT 3aHUMAEMOTO MOJIOXKEHUS
B CETH, II03TOMY HEMPOHBI IOJDKHBI UMETh Pa3HbIE BECA U pellIaTh pa3Hble 3a1aun. Ha
pucyske 2.6 n3o0paxxeHa MPOEKITUsl BECOB Ha MJIOCKOCTh MEPBBIX JBYX COOCTBEHHBIX
BEKTOPOB B Hauvajie moucka, a takxke mnocie 20, 50 u 100 nokonenuii. Pa3zHbiMu

OBCTaMH BBIACJICHBI BECA PAa3HbIX HGﬁpOHOB.
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Pucynok 2.6 — Mmoctparus crienuann3anii HeupoHos [9]

2.6 AJIFOpHTM pacno3HaBaHUA MY3bIKAJIBbHBIX HHCTPYMECHTOB

B cooTBeTcTBHE ¢ BHIOPAaHHBIM MOIXOI0M, AITOPUTM PACIO3HABAHUS TEeMOpa
MY3bIKaJIbHOTO HHCTPYMEHTA MOKHO OMUCATh CJIEIYIONUH 00pazoM:

1. Dram cerMeHTanuu, KOTOPHIA TMOApa3syMeBaeT pa3OMEHHUE BXOIHOTO
curHajga Ha wuHTepBaibl. llenecooOpazHo pa3OuBaTh CHUTHAJT Ha HEOOJIbIINE
npoMexxyTku oT 20 go 100 mc, Tak Kak CUTHaJl M3MEHSAETCS BO BPEMEHU U
WCITOJIb30BAaHUE OOJIBIITMX HMHTEPBAJIOB MOXKET TMPUBECTH K CHIDKCHHIO KadecTBa
pacniozHaBanus. B ganHOI paboTe ObT BRIOpaH CPAaBHUTEIBHO OOJBIION MHTEPBAI
~100 mc (4096 orcueror npu yacrore muckperusanuu 44 100 I'a), aus yckopeHus
CKOPOCTH OOpabOTKM W CHWIKEHHUS YHUCJIa BXOJHBIX JaHHBIX, TaK KaK HAa TEKYIIEeM
ATane JaHHas padoTa HOCUT UCCIIEI0BATEILCKUM, HeXKEIH MPUKIIATHON XapakTep.

2. CrnenyrolmM 3TaroM sIBJISETCS 3Tall NpeaoopaboTKH, KOTOPHIN BKIIIOYAET B
ceOs NMpUMEHEHHE OKOHHOW (yHKIMU XOMMHHTA JUISI KaKJIOTOo CErMeHTa JUIs
MO/IABJICHUSI BBICOKMX YaCTOT Ha TPAHMIAX CErMeHTa. J[aHHbIE YacTOTHI SBISIFOTCS
pe3yibTaToOM O0Ope3aHusl CUTHAJIa W HETaTHMBHO CKa3bIBAe€TCSd Ha TOYHOCTH

pacCiio3HaBaHUs].
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3. Brpruncnenue npeodpazoanusi Oypbe 175 KaxkA0ro BXOJHOTO HMHTEpBaja.
B nmanHO#t pabGoTe OBLIO HCMONMB30BaHO ObicTpoe mpeobOpazoBanme Dypne (Fast
Fourier Transformation).

4. Beruucnenue MFCC.

5. CHmxeHHEe pa3MEpHOCTH TMPOCTPAHCTBA TPU3HAKOB  TOCPEIACTBOM
PUMEHEHHUS METO/Ia TTIAaBHBIX KOMIIOHEHT.

6. OOyueHne HEHPOHHOM CEeTH Ha OCHOBE MOMYyUYEHHBIX KOd(uimeHToB. s
oOydeHus: HEHPOHHOW ceTH OBUT HWCIOJB30BaH METOJ TPAJUEHTHOIO CITyCKa, a
UMEHHO MeToJT 0OpaTHOTO pactpocTpaneHus ommoku (backpropogation).

7. JIOTIOMHHUTEBHBIM MOJYJIEM B CTPYKTYpE MPOTPaMMBI SIBIISCTCS MOJIYJIb
HEHPOABOJIIOLIMOHHOIO AJITOPUTMA, KOTOpbIE 3aMeHseT co00il MeToJ 00paTHOro
pacmpocTpaHeHHs] OMMOKH U TO3BOJSET 00y4aTh HEHPOHHYIO CETh MPU TOMOIIU
HBOJIIOIIMU HEHPOHOB, a TAKXKe MOI0UPAET €€ ONTUMATIBHYIO CTPYKTYPY.

Ha cnenyromem prucyHke npeAcTaBieHa CTPYKTypHask CXeMa allfOpUTMa.

CermenTanus » IlpenobpaboTka
v
IIpeobpazosanue Brruncienne
Dypre | MrcC

\4

Merto/ ri1aBHBIX

KOMITOHCHT
v [m————————————= I
HeiiposBomroninoHHBIH
Kiaccudukamms | P

|
|
|
anroputM (ESP) :
|
|
|

Pucynok 2.7 — CTpykTypHas cxema ajJropurma
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3 PABPABOTKA ITPOI'PAMMHOI'O OBECIIEYHEHU A

3.1 O0mme cBeneHus

AJITOPUTM PACIO3HABAHUS MY3bIKAIBHBIX HHCTPYMEHTOB PCaU30BaH B BHJIC
nporpaMMbl Ha si3bike C#, Ko10BOe Ha3BaHKe MporpaMMbel — Timber Recognition.

[TepedeHs MporpaMMHBIX MOJyJIel TpuBeIeH B Tabuie 3.1.

Ta6nuna 3.1 — IIporpamMmMubie MOy N

Ha3zBanue Ha3znauenune

TimbreRecognition.exe HcnonHsieMblii MOAYJIb — COICPIKHT
OCHOBHYIO JIOTUKY TIPOTPaMMBI
Accord.Audio.dll Moyib OnOIMOTEKH Accord,
MIPEIOCTABIIAIONICH BO3MOKHOCTh YTCHUS
(bainoB pa3nuuHbIN ayano-GopMaToB

[ToMUMO OCHOBHOH JIOTMKH, B COCTaB IMPOTpaMMbl TaK)X€ BXOJUT MOIYJb
OnOIMOTEKN Accord.NET. Accord.NET — cBoGomHO pacrmpocTpaHsieMas
OubNIMOTEKa, peanu3yrollas pa3IudyHble MAaTEeMAaTUYECKUE aJITOPUTMbI 00pabOTKH
CTaTUCTUYECKUX JIAHHBIX, HM300pKEHUW, a TaKXKe alIropuTMbl 00pabOTKU
ayJIMOTaHHBIX.

[Tporpamma wucnosHsercs B omnepaimonHoi cpeae Windows (HaunHas ¢
Bepcun XP) mpu HaIM4YUKM YCTAHOBJICHHOTO cHcTeMHOro makera — Microsoft
Framework Bepcumu 4.0.

JlanHoe mporpaMMHOe oOecreyeHue pa3padaThiBalIOCh B cpeie pa3pabOTKu
Microsoft Visual Studio 2012.

Cpean  TOTEHIMAIBHBIX  SI3BIKOB  JUISI  peaju3alid  ajJropuTMa
paccmatpuBanuchk Java, C++ u C#. B xoHeuHom wurtore ObuT BeIOpaH si3bik C#, 110
IpUYUHE TOTO, YTO B Java 3aTpyAHEHO MPOEKTUPOBaHKE rpaduueckoro uurepdeiica,
u TpeOyeT OonbpImmX Tpyao3arpaT B cpaBHeHUU ¢ C#, B TO Bpems kKak rpaduyueckuii
uHTep(delic monp30BaTenass U BO3MOXKHOCTh BU3YAIHM3AIMH PE3YJIBTATOB SIBISIOTCS
BOKHBIMU dYacTsIMU TpuiokeHus. S3pik C++ He Obul BBIOpaH st pa3paboTKH
OPWIOKEHUSI TIO0 TPUIMHE HEOOXOJUMOCTH PYYHOTO YIPABICHUS MaMSIThIO U

CJIOKHOCTH PabOThI C YKa3aTEeIsIMHU.
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3.2 OyHKIUOHAJIbHOE HA3HAYECHHUE

[MIporpamma Timbre Recognition mnpennasHadena s OOydeHHsS] U
TECTUPOBAaHUS  MHOTOCJIOWHBIX HEWPOHHBIX CETEed U1 pPEHICHUS  3a]adu
pacCIlO3HaBaHMsI MY3BIKAJIbHBIX HHCTPYMEHTOB. TeCTUpOBaHME HEMPOHHBIX CETEU
MOXET IIPOU3BOJNTHCS KAK HA CHUTHAJaX OTHAEJIBHO 3BYYAlllMX MY3BIKAJIbHBIX
MHCTPYMEHTOB, TaK U Ha 00Jiee CIOKHBIX CUTHANIAX — MOJU(OHUYECKUX MEJOUSX,
B KOTOpBIX pa3paboTaHHas MporpaMMa CHOcOOHa HAECHTU(UIUPOBATH COJbHBIC
NAPTUM OTHENBHBIX MY3bIKaJIbHBIX HHCTPYMEHTOB.

IToMuMO 3TOro MporpaMmMa IO3BOJIAT AHAIU3UPOBATH MY3BIKAJIBHBIE JAHHBIC
Ha npeaMeT OJM30CTH X HAaXOXAEHUS B MPOCTPAHCTBE MPU3HAKOB. J|aHHBIN aHAIIN3
IOJIE3eH BO BpeMsl MpoLeaypbl OTOOpa MPU3HAKOB JJs IOCIEAYIOIIEro HX
pacnio3sHaBaHMs. TaxKe peann3oBaHa BU3yalIU3alMs IPU3HAKOB IIOCPEACTBOM

CIIELIMAJILHOTO TUIIA HEUPOHHBIX CETEN — caMoopraHusyromuxcs kapt KoxoneHa.

3.3 Onucanue JOru4ecKoi CTPyKTypbl

B »stoM mnopgpasgene Oyner [aHO ONHMCAHWE JIOTHYECKOW CTPYKTYpbI
nporpaMMmbl.  JInst  3ToM  menM  MCHONB3yeTCsl  YHU(UUIMPOBAHHBIA  SI3BIK
monemupoBanus (UML) Bepcum 2.0. Bce amarpammbl, NpuBEICHHBIE B JaHHOM
Mojipasiesie, BBIMOIHEHBI C UCIIOIB30BAHUEM MTPOTrpaMMHOTO0 cpencTBa StarUML.

VYcinoBHO mporpaMMmy  MOXKHO pa30MTh Ha TpPU MOAYJA: MOAYNb
M0JIb30BATENBCKOTO UHTEp(Peiica, MOAYIb U3BICUEHUS MPU3HAKOB U MOYJb paOOThI

C HEMPOHHBIMU CeTAMH. J(uarpaMma Moaysei nmpeAacTaBieHa Ha pucyHke 3.1.

g Feture Extraction g Neural Networks

g User Interface

Pucynok 3.1 — /Imarpamma mMoynei mporpaMmsbl
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Neural Networks — ™Momynb, WHKANCYJUPYIOIIUHA  JIOTUKY  TIO
UCKYCCTBEHHbIMU pabote ¢ HelipoHHbMU ceTsimu (MHC).

Feature Extraction — Moayiab, HHKaICyJIUPYIOMUMHA B ceOe JIOTHKY II0
W3BJICUCHUIO MIPU3HAKOB.

User Interface  —  ™oaymp, coaepxammii  GopMy  OKOHHOTO
M0JIb30BaTEIHCKOTO MHTep(delica, NCIOIB3YIONNI, COOTBETCTBEHHO, MOy M Feature
Extraction u Neural Networks.

Ha cnemyromeit nmuarpamme 3.2 TpeICTaBICHBI KJIACCHI-CYITHOCTH MOMIYJIS
Neural Networks. HeoOxomumo OTMETHTH, YTO [ OOJbIIEH SCHOCTH Ha
TuarpaMMax TpECTaBICHBI TOJBKO 0a30BBIC IO W METOJNbBI, HEOOXOIUMBIC IS

00BACHEHHUS OCHOBHOM KOHICIIIMH pa6OTBI TOT'O UJIKM UHOI'O MOAYJIA IIPpOrpaMMBI.

Abstractieuron
-weights: double[1..n]
-output: double
v\ KohonenNeuron
Neuron
-bias: double -J{w\gghht"::t

-deltas: double[1..n]

1' B E 3
1' S =
<<interface>>

Bl yer INetwork KohonenNetwork

ewons . |0 PP -1 -neurons
V +GetOutput() +GetOutput)

B ‘

NeuralNetwork
HJayers
+GetOutput()

Pucynok 3.2 — JIuarpamma knaccoB «HelpoHHBIE CETH»

Kimacc AbstractNeuron — 0asoBelii  kiacc g kiaaccoB  Neuron wu

Kohoneneuron, coaepsxariuii oOIMe JaHHbIE: MACCHB BECOBBIX KO3(D(PHUIIMEHTOB U
TEKyIllee 3HaYCHUE BBIX0/1a HEHpOHa.
Knacc Neuron (ynacmemoBan ot kimacca AbstractNeuron)— sBasiercs

0a30BbIM CTPYKTYPHBIM 3JIEMEHTOM KJIACCUYECKOM HEUPOHHOM ceTh (MHOTOCIIOMHOTO
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nepcentpona). [lomumo moneil cynepkiacca COAEPKUT TaKWe IOJIsi Kak Dias
(cmemenue Helipona) u deltas (ncmonb3yeTcs I 00YUYCHHS C «ITaMAThio»). Takxke B
TOM KJIacC€ COJNICPKUTCS aKTHBAIIMOHHAS (YHKIUS (Ha JWarpaMMe OMyIIeHa),
MOKET OBITh JIMHEWHOM, JIOTCUTMOWTHOW WJT TUTIIEPOOIMYECKII TAHTEHCOM.

Kiacc NeuronLayer npeacraBisier coboi ciioii HEHPOHHOM CETH U COJNEPIKUT
B ceOe KOJUICKIIMIO 3JIEMEHTOB Kiiacca Neuron.

Knacc NeuralNetwork npencraBiser co0oil peanu3anio MHOTOCIOWHOTO
MepCenTpOHa MPSIMOTO PACIPOCTPAHEHHUSI, COACPKHUT B ce0C KOJIICKIIUIO OOBEKTOB
kinacca NeuronLayer. Peanmsyer maTepdeiic INetwork, mpemocrapistomuii MeTon
JUTSI TIOJTYYEHUSI BBIXOTHOTO 3HAYCHHUS CETH.

Knacc KohonenNeuron (ynacnmemoBan ot kiacca AbstractNeuron)—
SBIIIETCSI OCHOBHBIM  CTPYKTYPHBIM DJIEMEHTOB CaMOOPTAHHU3YIOIIUXCS  KapT
KoxoHeHa, HMCHONIB3yeMbIX B JaHHOM MPUIIOKEHUHM MJisi TpadUUYecKOTO aHaau3a
MPOCTPAHCTBEHHBIX JIaHHBIX. [loMHUMO ToJIei 6a30BOTr0 Kilacca COJAEPIKUT TaKUE OIS
kak width u height — pa3mepsl kKapThl, T.e. YUCIIO HEHPOHOB B JIBYX H3MEPEHUSIX
CaMOOPTaHU3YIOIIEHCS KapThI.

Ha auarpamme 3.3 mpeacTaBiieHbl KJIAcChl, PEaTU3YIOIIHNE MPOIecC 00ydeHUs

HEUPOHHOM CETH.

<<interface>>
ITeacher

+Teach()

BackPropagationTeacher AbstractKohonenTeacher

+Teach() +Teach()
IterationKohonenTeacher BatchKohonenTeacher
+Teach() +Teach()

Pucynok 3.3 — Jluarpamma kitaccoB «O0yueHne HEHPOHHBIX CETE»
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Bce wimaccwl peanmsyer 6aszoBbiii mHTepdeiic |Teacher, mpemxocrapnstomnimii
(YHKITMOHAJIBLHOCTh 10 OOYYCHHIO HEWPOHHBIX cereid (merom Teach). Jlanumbrid
uHTepdeiic HeoOXoaUM ISl TPOCTON 3aMEHbI OJTHOW peaTu3aiuu APYyTrou.

Knacc BackgroundPropagationTeacher peamusyer (GpyHKIMOHATBHOCTH IO
OOy4eHHs] MHOTOCJIOMHOTO MepCenTpoHa METOJOM OOpaTHOro pacHpoCTpaHEHUs
OILIUOKH.

Knacc AbstractKohenenTeacher peanmsyer oOIIy:0 JOTHKY O OOYYCHHIO
camoopranuzyroniuxcst kapt Koxanena. SBasercs 0a30BbIM IS KJIACCOB
IterationKohenenTeacher u BatchKohenenTeacher.

Knacc IterationKohenenTeacher peamusyet noruky oOydeHust kapt Koanena
UTEPATUBHBIM METO/IOM.

Knacc BatchKohenenTeacher peamusyer noruky oOyuenmss kapt KoaneHa

ITaKCTHBIM MCTOJI0M O6y‘-I€HI/IH.

Ha PHUCYHKC 34 NpcaAcCTaBjiaCHa AUHarpaMMa KIaCCOB, OIIMCbhIBAIOIIAA

(yHKUIHMOHAJ 110 CO3JaHUI0 HEUPOHHBIX CETEM.

<<interface>>

NeuralNetworkBuilder <<uses>> ll'?eearcahcer
0 +Teach()

| <<uses>>

L NeuralNetwork
NeuralNetworkFactory <<creates>>

e emeeeeeem s - oo oo - 2xl ayers

+Create() TGetoutput)

Pucynok 3.4 — JIluarpamma knaccoB «Co3qaHne HEUPOHHBIX CETEI»

3a mpomecc co3gaHue M OOyYeHHMs HEUPOHHBIX CeTeld OTBEYaeT KJacc
NeuralNetworkBuilder. 3Otor xmacc wucnons3dyer NeuralNetworkFactory mis
co3/laHusl ~ HEHWpPOHHBIX  ceTell ¢ TpeOyemoit  apxutektypoir.  Kiacc
NeuralNetworkBuilder wuHumanusupyercs omHOW wu3 peanusanuii uHTepderica

ITeacher, koTopas B CBOIO ouepeib UCTIONB3YETCs Ik 00yUeHUS] HEHPOHHOM CETH.
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Knacc NeuralNetworkFactory mpemnasHaueH uisi CO3MaHUS JK3EMIUISIPOB
kiacca NeuralNetwork wu siBisiercst peanu3anueit madiiona npoektupoBanus Factory
Method. Kiacc comepxut wmeron Create, KoTopwlii TpPUHMMAeT B KauecTBE
ApTyYMEHTOB OCHOBHBIC MapaMeTphl HEMPOHHON CETH: YMCIIO BXOIHBIX M BBIXOJHBIX
HEWPOHOB, YMCIIO HEHPOHOB B CKPBITOM CIIO€ U YMCIIO CKPBITHIX CIIOCB; a BO3BpAIIIaeT
ax3emiusip kinacca NeuralNetwork ¢ 3aganHpiME mapamerpamu.

Ha pucynmke 3.5 wu3bpokeHa amarpamMma  IOCJIEIOBAaTEIHLHOCTEH,

WUTIOCTPUPYIOIIAs MPOIECC CO3AaHusl U 00yUYeHHs] HEUPOHHOM CeTH.

 Client : NeuralNetworkBuilder : NeuralNetworkFactory : ITeacher

Build()

Pt Create()

Teach()

-_______--_.._q-.--------------.--- e

Pucynok 3.5 — Jluarpamma nocnenoBarenbHocTel «Co3nanre u 00yueHue
HEHUPOHHBIX CETEN»

Knacc Client — Hekwii kjacc, ONHIETBOPSIONIMNA KOJ KJIMEHTCKOTO
NPUWIOKEHUS, HAIPUMEP, MOXKET OBITh MpeACcTaBieH (HOPMOU MOIb30BATEIHCKOIO
uHTEepdeiica.

Ha pucynke 3.6 wuzoOpakeHa [auarpamMma BCIIOMOTaTeNbHBIX KJIACCOB,
UCIOJIb3yEMBIX B IIpoLiecce KilacCu(PUKaIuu.

Meton GetOutput xmacca NeuralNetwork BosBpaiaer BBIXOJ CETH B BHIEC
MacCHBa YKCel ¢ MJIABAIOIIEeH TOYKOM, OTHAKO JJIs pEUIeHUs 3a/lauu KilacCuPuKauuu

H€O6XO)II/IMO OIpCACIUTD H€I>'IpOH, SHAYCHUC KOTOPOro ABJIACTCA MAaKCHMAJIbHBIM,
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9TO U OyeT MoKa3aTejaeM MPUHAICKHOCTH BXOIHBIX TaHHBIX K COOTBETCTBYIOLIEMY
kiaccy. s atoi neneit ucnosin3yercs kiace NeuralNetworkWrapper, conepsxarniuii
meron Classify. Jlanuslii kiace coAepKuT B cebe B KauecTBE MOt 9K3EMIUTP Kiracca

NeuralNetwork.

NeuralNetwork
Jayers
/ +GEtOUtDUtO
NeuralNetrorkWorker
+ClassifyBatch()
+GetO tBatch
etOutputBa O \Q NeurOnNetworle’aDPer
-neuralNetwork
+Classify()

Pucynok 3.6 — Jlmarpamma kiaccoB «Knaccudukamnus ¢ uCIoap30BaHUEM
HEUPOHHBIX CETEN
Knacc NeuralNetworkWorker unkarncymupyer B cede kiaaccel NeuralNetwork
u NeuralNetworkWrapper mpemocraBisier uHTepdeHC aisi MacCOBOW OICHKH |
KJIaCCU(UKAIINHU JTAHHBIX.
Teneps nepeligeM K pacCMOTPEHHUIO KilaccoB Moayis Feature Extraction. Ha

pucyHke 3.7 npeacraBieHa quarpamma 0a30BbIX KJIACCOB JAHHOTO MOMYJISL.

Feature 7
<<interface>>
-MFCC IFeatureExtractor
-Power Spectrum
- +Extract()
FeatureNormalizer FeatureExtractor MfccAdaper

MfccCalculator

+Calculate()

Pucynok 3.7 — /Inarpamma knaccoB «J3BnedeHre npu3HAKOB»
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Knacc Feature unkamncymupyet B cebe mpusHaku, Takue kak MFCC, Power
Spectrum u ap.

Kmacc FeatureExtractor peammsyer wunTtepdetic |Extractor u BwimomaHAT
BBEIYHCIICHHE TIPU3HAKOB CaMOCTOSATEIHLHO WJIM JEICTUPYI0 ATO IPYTHM Kiiaccam,
nanpumep MfccAdapter.

Tak xak 4JacTh koja, Beraucisitomero MFCC, Obl1a 3auMcTBOBaHA, TO OBLIO
NPUHATO  pEIICHUE  PACIOJOXKWTh  JaHHBIM KOJ B  OTACIBHOM  KJIacce
(MFCCCalculator), a mj1st ero COBMECTUMOCTH C OCTaJbHBIM KOJOM CO3[1aTh KJIAcC
MFCCAdapter, xoTopblii 3aHMMaeTCsi MPEOOpPa30OBAHMEM BXOJHBIX M BBIXOJHBIX
JTAHHBIX.

Knacc FeatureNormalizer comepxut B ceOe JIOTHKY IO HOpMaH3alllu
MOJTYYCHHBIX TIPU3HAKOB.

Ha pucynke 3.8 mpuBenena auarpamma, Ha KOTOPOW H300pa’KE€HBI KJIACCHI,

HeoOxoaumbie g Beruucienns MFCC.

FFT

+PerformTransformation()
A

Matrix

MfccCalculator [

__~1 +Calculate()

DCT

+PerformTransformation()

Pucynok 3.8 — J/Iluarpamma knaccoB «Berauciaenune MFCCy»
Knacc FFT Bemonnsier ObicTpoe auckperHoe npeoOpaszoBanue Dypre (Fast
Fourier Transformation).
Knacc DCT BbImosHsET TUCKPETHOE KOCHHYCHOE MpeobOpasosanue (Discrete
Cosines Transformation).
Knacc Matrix mpeacrasisier co00if MaTeMaTHYECKYI0 MATPHUILy M COICPIKHT

peanuzaiuio BceX He0OXOAUMbIX MAaTPUYHBIX OTepaIvii.

35



Ha pucynke 3.9 npuBenmena jauarpaMma  MOCJEJOBATEIbHOCTEH,

WUTIOCTPUPYIOIIAs IPOLECC U3BJICUEHUS TPU3HAKOB.

: Client _: FeatureExtractor : MECCAdaper

Extract()

Calculate()

h 4

---.----.---.---.---.-q.---.---.---.---.---.--_

Pucynok 3.9 — Jluarpamma nocieioBaresbHOCTeN «3BII€UEeHNE PU3HAKOBY
Ha pucynke 3.10 nporsmiroCTpupoBaH BECH MPOLIECC PACHO3HABAHUS JAHHBIX

B BUJIE AUArPAMMBbI MIOCJIE0BATEIBHOCTEH.

: Client : FeatureExtractor : NeuronNetrork\Worker

Extract()

¥
=)

Classify()

4
=

Pucynox 3.10 — J[uarpamma nocnenoBatenbHocTel «lIporece knaccuduranmm»
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3.4 BxoaHble 1aHHbIE

BXOOHBIME [TaHHBIMM SIBIIIFOTCSA IAPAMETPBI HEMPOHHOW CETH, 3BYKOBBIE
¢aiinbl ays 0oO0ydyeHHMsT M TecTupoBaHus ceTu. llapamerpsl HeHpoHHOW ceTu
MPEACTABIIIOT COOOM YMCIIO CKPBITBIX CIOEB M YWCIO HEWPOHOB B CKPBITOM CIIOE.

3ByKOBBIe (aititbl 1oJpKHBI OBITH B (hopmate Waveform Audio File Format (WAV).

3.5 Buixoanble JaHHbIE

BBIXOMHBIMU JTaHHBIMU Pa0OTHI MPOTPAMMBI SIBJISIETCSI TEKCTOBBIN  (paiii,
COZECpKAlMd BECa BCEX HEWPOHOB B BHUJEC YMCEJ C IUIABAIOLICH TOYKOW. Takxke K
BBIXOJIHBIM JAaHHBIM MOKHO OTHECTH PE3YJbTAT TECTUPOBAHMS CETH B TEKCTOBOM H

rpaduueckoM BHUJIE.

3.6 I'papuyeckunii nuTEepPeiic moabL30BaTEIsA

Ha pucynke 3.11 npeacTaBieH BHEIIHUN BUJI IPOTPAMMBI.

o2 Timbre Recognition EI@
Recognition  Analysis
Training
Training Process
Training Samples
C:Mraining Browse...
| Unload training set | | Unload as texd file
Plot Data Train Train ESP load. | [ Unload
Test
Test Result
Browse...
Recognize

Result Accuracy: 0

Batch Test

Ci\est Browse...

Test Result Accuracy: Q)

Pucynok 3.11 — BHenrnuii Bua nporpamMmsl
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[TporpaMMbI COCTOMUT W3 TPEX OCHOBHBIX YacTel: MOIYJIb OOyYCHHsS CETH
(Training), moxyns TectupoBanus (Test), Moayap makeTHoro tectupoBanus (Batch
Test).

Motysib 00y4eHHS ITO3BOJISIET BBITIOJIHATE MPOIECC 00YICHHS HCKYCCTBEHHOM
Hediponnoit cetu (MHC) B aByx pexumax: cTaHAapTHOE OOy4YeHHE METOJO0M
00paTHOrO pacHpoCTpaHEeHUs: OIMMOKU (KHOMKa Train) W HEHPOIBOIOIMOHHBIM
airoputMoM ESP  (xHomka Train ESP). Takxke pgaHHBIH MOAYJIb COJICPIKHT
JIOTIOJTHUTEIHHBIE BO3MOKHOCTH 110 paboTe ¢ 00ydJaromuMy TaHHBIMU U HEHPOHHOU
CCeTBIO: BRITPY3Ka MPU3HAKOB B (aily, Bu3yanu3aius JaHHbIX B 3D pexxume, 3arpyska
CTPYKTYpbl HEpOHHOU ceTu u3 (paitna, umnopt MUHC B ¢aiin.

Moynb TECTHPOBAHHS IMO3BOJISICT BBIMOIHATH TECTHPOBAHUS OTACIHLHOTO
daitna u aHaM3 pe3yNbTaTOB PACIIO3HABAHHUSL.

Moynb TIaKeTHOTO TECTUPOBAHHWS IIO3BOJISCT BBIMONHATH TECTHPOBAHHUE
rpymibl GaiioB ¥ MOTyYaTh CTATUCTHYECKHE JTAHHBIC TTO0 KAKOMY Kilaccy.

JIOTIOJIHUTEIBHO TIporpaMMa UMEET JIBa ITyHKTa MEHIO: recognition u analysis.
[Tynxkr Recognition mo3BoJisieT BBINOJHATH PAClO3HABAHWE OTICIBHOTO (hailia B
rpadpuyeckom pexume. I[lyakr AnalysiS mmo3BoNST BH3yadbHO aHAJIU3WPOBATH

IMPOCTPAHCTBO IIPU3HAKOB C IIOMOIIIBIO CAMOOPTaHU3YIOIINUXCA KapT Koxonena.
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4 AHAJIN3 PE3YJIBTATOB

4.1 Ananu3 yucaa MFCC u ToYHOCTH pPacnio3HABAHUS

BaxueiM  Bompocom  sBisieTcss  ompeneneHue  konumdectsa  MFCC
HEOOXOUMBIX JUIsl TOJY4YEHHsI BBICOKOW TOYHOCTH PACIIO3HABAHUS MY3BIKAJIBHBIX
MHCTPYMEHTOB IIPH JKEJIATEIbHOW MUHUMHU3ALMU OOIIETO YUCIIa TPU3HAKOB.

Jis OnpeaeIeHUs MUHHMAJILHOTO HE00XO0UMOTO KOJIMY€eCTBa
KOA((UIMEHTOB ObUI MOCTaBJIEH HKCHEPUMEHT, B KOTOPOM HU3MEHSJIOCH YHCIIO
koa¢¢uimenToB ot 1 g0 201U, 00yUueHne MPOU3BOINUIIOCH HA MSATH HHCTPYMEHTax. B
X0JI€ IKCIIEPUMEHTA MCKYCCTBEHHAs HEHpOHHas ceTh oOydanack 10 pa3 ¢ KaxkIapIM
Habo0poM K03 DHUITUEHTOB.

Pe3ynbTaThl 3KcniepuMeHTa W300pakeHbl Ha pucyHke 4.1, Ha KOTOpom
IIPEICTABIICHA 3aBUCUMOCTb CPEIHEW TOYHOCTH PACIO3HABAaHUA OT KOJHMYECTBA
K03(PUIIMEHTOB.

3nech U gainee s 0Oy4YeHUs CETU NMPUMEHSUIMCh YWCThIE W30JIMPOBAHHBIE
HOTBI 0a3bl JaHHBIX MY3BIKaJbHBIX WHCTPYMEHTOB yHHBepcutera AMoBbl [31]. [l
Ka)XJIOT0 HHCTpyMEHTa ObUIM BBHIOpAaHBI HOTHl B HMX OCHOBHOM jauamnaszoHe (2-3
OKTaBbl) JJIMHHOM OKOJIO 1-2 CEeKyH/IbI.

B mnpomecce o0ydeHuss ~TmpuUMeEHsTIAch — BalMJAIMOHHAs  BBIOOpKA,
coctaBisironias 20% ot Bcex HMaHHBIX. [[n TecTUpoBaHUS NPUMEHSUINCH HOTBI
MY3bIKaJbHBIX WHCTPYMEHTOB, HWCIIOJIHEHHBIE B JPYI'MM CTWJIE, HAIPUMEpP €CIIH
oOydeHHe NpPOU3BOJMIOCH Ha HOTaxX CBHITPAHHBIX HAa ¢hopme, TO TECTHUPOBAHUE
MPOU3BOJIMJIOCH HA JIAHHBIX CBHITPAHHBIX Ha Meyyo-gpopme. Takol TOAXON
npuOIM3UII pe3ysibTaThl K TECTHUPOBaHMIO B peajbHOU cpene. OObeM TecTOBOU

BBIOOpKH cocTaBui puMepHO 20% oT oOyuarolieil BbIOOpKH.
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TouHOCTE
pacnosHas.

100,00%

80,00%

60,00% \/

40,00%

20,00%

0,00%

Yncno koad.

Pucynok 4.1. 3aBHCUMOCTh TOYHOCTH pacno3HaBanus ot uncina MFCC

U3 NpCaACTaBJICHHOI'O PUCYHKa BHIHO, 4YTO CCMb KOB(i)(l)I/II_[I/ICHTOB ABJACTCA
A0CTAaTOYHBIM JISA ITOJTYUCHHA BBICOKOM TOYHOCTH paciio3HaBaHus.

OI[HaKO HC TOJIBKO YHMCJIO IMPHU3HAKOB BJIMACT HA CJIOXHOCTb PCHICHHA, HO U
CIOXKHOCTb IPOCTpaHCTBA HOaHHBIX, MOJIX1 CHHXKCHHA CJIOJKHOCTH IIPOCTPAaHCTBA

JaHHBIM OBLT HCITOJIB30BaH METO]I TJIaBHBIX KoMioHeHT (PCA).

4.2 Avaim3 3QpPeKTUBHOCTH METOAA IJIABHBIX KOMIIOHEHT

MeTon rimaBHbIX KommoHeHT (principle component analysis, PCA) no3BoJisieT
CHU3HUTH CIIOKHOCTh MPOCTPAHCTBA JAHHBIX W COOTBETCTBEHHO ITO3BOJISIET HAWTH
0oJee MPOCTOE pelieHue pasIesIollee JaHHbIE Ha JJOTHYECKUE TPYMIbI (KIacTephl).
Ha pucynke 4.2 npencrasnensl nanHbie Tpex nepBboix MFCC KOMIIOHEHTOB, a Ha
pucyHke 4.3 mpeacTaBi€Hbl TPU IJIaBHBIX KOMIOHEHTA. M3 pUCYHKOB BHIHO, YTO
KJacTepbl Ha pucyHke 4.3 uMerT 0Oojee KOMIAKTHYIO CTPYKTYpPY, 3TO MOXKHO
OLICHUTh CTaTUCTUYECKU. KOMIAKTHOCTh TakXke MOATBEPKAAETCA 3HAYEHUSIMU
pa3MaxoB KJIaCTEpOB, MpHUBEACHHBIMH B TaOmuiie 4.1. Pa3smax (spread) — a0
BEJIMYMHA, XapaKTEepU3yIouasi CTENEeHb KOMIIAKTHOCTH JAHHBIX B KJIACTEPE, YEM OHA

MCHBIIC, TCM OAaHHBIC Oosee KOMITAKTHBI, @ COOTBCTCTBCHHO KIIACTCPbI ABJIAIOTCA
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Jydlle pa3aeaIuMbIMU.

I[aHHaH BCJIMYMHA BBIYUCIIICTCA KaK CyMMa CBKIINMIOBOIO

pacCTOAHMA Ka)XXJ0M TOUYKH KJIacTepa A0 OCHTpa KJIaCcrepa ACJICHHAA Ha KOJINYCCTBO

TOYCK.

VYAy4ymuTh XapakTEPUCTHKU KJIACTEPOB CTAJO0 BO3MOXHBIM 33 CUET

YCTPAHCHUA M30BITOYHOCTHU JaHHBIX — YCTpPpaHCHHA JIMHEHMHBIX KOM6I/IH3.HHﬁ )41

ITOBBIMICHU IINIOTHOCTH JAaHHBIX.

Tabmuma 4.1 — Onenka pa3maxa (Spread) kiaacTepos

Jannbie | 1 kaacrep (Tpyda) | 2 kiaacrep (CKpHIIKA) 3 KJjactep (posiyib)
3 MFCC 0,18 0,19 0,24
3 PCA 0,16 0,15 0,19

Pucynok 4.2 — Knacrepnas ctpykrypa gaHubix: Tpu nepbix MFC ko3 dunnenrta

AJI1 TPEX NHCTPYMCHTOB
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Pucynok 4.3 — KnactepHas cTpyKkTypa JaHHBIX: TPH TJIABHBIX KOMIIOHEHTA JUISl TPEX
UHCTPYMEHTOB
Taxoke nydias pa3genuMOCTh KIACTEPOB MOATBEPKIAETCSA Oosee ObICTPhIM
0oOy4eHHEeM HCKYCCTBEHHOUW HeWpoHHOM ceTu. B Tabmuiet 4.2 nmpencraBiieHa OlleHKa
CPEIHEr0 KOJIMYECTBA UTEpalil 3aTpaurBaEMbIX Ha O0YUEHHUE CETH.

Tabnuna 4.2 — OnieHKa KOIU4ecTBa UTepaluii 00ydeHus

Janubie / Uncio 9 3 5 5
HHCTPYMEHTOB
MFCC 41 71 104 187
PCA 5 26 53 75

Teneps paccMOTprM BOIPOC BHIOOpA KOJIMYECTBA ITTaBHBIX KOMIIOHEHTOB.

Ha pucynke 4.4 npencraBiieHa 3aBUCUMOCTh TOYHOCTH PACIO3HABaHUS OT
YucIa raBHBIX KOMIOHEHT g 16, 12 u 8§ MFC ko3¢ duiiieHToB COOTBETCTBEHHO.
M3 nosydeHHBIX AAHHBIX MOXXHO 3aKJIFOUUTh, JUIS MOJYYEHUS XOpOIIEH TOYHOCTH
pacno3HaBaHMsl JOCTATOYHO 6 TJIaBHBIX KOMIIOHEHTOB, MOJYYEHHBIX M3 8§ Mel-

YaCTOTHBIX KEICTPaIbHBIX KOA(POHITUESHTOB.
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60 / 60 /
40 / 40

20 20 20

PI/IC}’HOK 4.4 — AHanu3 4Kcia TJIaBHBIX KOMIIOHEHT M TOYHOCTH paciio3HaBaHUA

(a—20 MFCC, 6 — 12 MFCC, B— 8 MFCC)

4.3 Anasm3 npumeHnenus ajaropurma ESP

B nanHoi#l pabote ObLIT MCHOJIB30BaH HEUPOIBOMIONMOHHKIN anroputMm ESP,
KOTOPBIN MO3BOJIAET MOA00PATh ONTUMAIBHYIO CTPYKTYPY CETH W MPOU3BECTH €€
oOyuenne. OHAKO JAHHBIA AJITOPUTM HE MOKA3aJl Jy4YlIUE PE3yNbTaThl 10 TOYHOCTU
pacro3HaBaHMs, HO MOTPeOOBal 3HAYMTEIBHO OOJBIIErO0 BPEMEHHU ISl OOydeHHUS
CeTM B CPaBHEHMHM C METOJOM OOpaTHOrO  PACHpPOCTPAHEHHS  OLIMOKHU
(BackPropagation). CpaBuenue ESP u BackPropogation nmpuBenero B Tadnuie 4.3.

Tabnuua 4.3 — CpaBHEeHHE aITOPUTMOB 00yUYEHHUS CETU

AJITOPpUTM Kou-Bo uncrpymentoB | Bpemsi, MuH Tounocts, %
BackPropagation 2 0,1 99,10
ESP 2 10 98,35
BackPropagation 3 0,5 98,44
ESP 3 21 97,12
BackPropagation 4 1 97,72
ESP 4 30 95,10
BackPropagation 5 1,2 96,32
ESP 5 54 93,70

B ¢Bsi3u ¢ MoMydeHHBIMHU JTaHHBIMU OBUTO MPHHSITO HCIIOJIB30BaTh aJlOPUTM
BackPropogation B kauecTBO OCHOBHOro, oaHako anroput™ ESP menecoobpas3Ho

MCIIOJIB30BaTh I I0100pa ONTUMAIBLHON CTPYKTYPbI CeTH (KOJUUYeCTBa HEHPOHORB).
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4.4 AHAJIN3 TOYHOCTH PACIIO3HABAHMA

4.4.1 AHaIM3 TOYHOCTH N0 HHCTPYMEHTaM

B Tabmume 4.1 mpeactaBieHO KOJWYECTBO COBMHAACHUN IOTYYEHHBIX IIO

Ka)XJIOMY HHCTPYMEHTY, B CTPOKaX — (PaKTUUYECKHI HHCTPYMEHT, B CTOJIOIAX — YHCIIO

COBIIQJICHUN 110 NHCTPYMEHTY.

Tabnuua 4.1 — Pesynbrat TecTupoBanus (110 MHCTPYMEHTaM)

Tpyba | Ckpunka | Posuie | @uneiita | Knmapnuet | TpomOon | Mapumba
Tpy0a 114 - - - - - -
Ckpurika - 37 1 - - 4 2
Posuib - - 21 2 - - -
Qeiita - 3 62 2 - - -
Knapuer - 1 1 4 57 - 2
Tpomb6on - - 2 - - 257 10
Mapumba - 1 2 - - - 68

B Ta6J'IPIIIe 4.2 MpcacTaBJIiCHa UTOroBasa TOYHOCTD, IIOJIYYCHHAA IIO0O KAXKIOMY

UHCTPYMEHTY. TOYHOCTh pasziuyHa [ KaXKJO0ro HHCTPYMEHTA, HAHOOJNBIIYIO

TOYHOCTb PACMO3HABAaHUA UMEET TPyOa, HAMMEHBIITYIO — CKPHUIIKA.

Tabnuua 4.2 — ToyHOCTH pacro3HaBaHus (M0 UHCTPYMEHTAM )

Ne HNucTpymenT Tounoctsb, %

1 | Tpy6a 100

2 | Mapumba 95,77

3 TpomOoH 95,54

4 ®drneinita 92,65

5 | Posb 91,30

6 | Knapuer 87,69

7 | Ckpunka 84,09
Cpennss 94,34
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Ha cnenyromeM  pHUCyHKE  MPEACTABIEHA  3aBUCUMOCTb  TOYHOCTHU

paciio3dHaBaHusd OT KOJIMYCCTBA MHCTPYMCHTOB.

100

80 S
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PucyHok 4.5 — 3aBUCHMOCTb TOYHOCTH PaClO3HABAHUA OT KOJINYECTBA
UHCTPYMEHTOB

AJNTOpPATM TOKA3bIBAE€T XOPOIIYIO TOYHOCTh, CBbIIE 90 % mia 7 m MeHee
MHCTPYMEHTOB, OJIHAKO IPU JaJIbHEUIIEM YBEIMUEHNUU UX YUCIia Habto1aeTcs bonee
3HAYUTENBHBIN CIIaJ TOYHOCTH.

4.4.2 CpaBHUTEJbHBIN aHAJIU3 C APYTUMH UCCIAEAOBAHUAMU

B tabnuue 4.3 npeacraBieH aHaJIU3 TOYHOCTH PACIIO3HABAHUS B CPAaBHEHUH C
OPYTHUMHM UCCIENOBAaHUAMU. Pe3ynbraThl HMCCIEAOBAaHWNA HENb3s CPABHUBATH
HalpsAMyl0, TaK KAaK B HUX HCIOJB3YKOTCA pAa3Hble HHCTPYMEHTBI, pa3HbIC
My3bIKQJIbHBIE JWAIla30Hbl M Pa3JIMYHOE 4YHCIO IMpu3HAkoB. llostomy miid
HarJIsiAHOCTH  CPABHEHHE  MPOU3BOAMTBCA IO  KOJIMYECTBY  HMHCTPYMEHTOB,

YYaCTBYIOIIMX B MCCIIEIOBAaHUH, KaK 10 HanboJiee o0IeMy IIpU3HAKY.
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Tabmuma 4.3 — CpaBHeHHS TOYHOCTH pAcHo3HaBaHUS C JIPYTHUMHU

HCCIICA0OBAHUAMUAU
ABTOp Hucao Hucao TouHnoctb, %
HHCTPYMEHTOB | NMPHU3HAKOB
Roaisin Loughran, Jacqueline
Walker, Michael O’Neill, 3 4 95,88
Marion O’Farrell
JlanHoOe ncciaeqoBaHue 6 98,9
Aleksandr Diment,
Padmanabhan Rajar, Toni 4 32 96
Heitolla, Tuomas Virtanen
JlanHOE Hccaeq0BaHUE 6 97,19
Loisin Loughran, Jacquiline
Walker, Michael O’Neill 5 20-95 60-64%
JlanHOe ucciaenoBanne 6 95,58
Chandwadkar, Sutaone 5 160 90-92
JlanHOE McciIe0BaHIE 6 95,22
D. G. Bhalke, C. B. Rama Rao
and D. S. Bormane 12 28 94,68
Rui Rui, Changchun Bao 85 87,5
JlaHHOe Hcciea0BaHue 6 77,85

4.5 Pe3yJabTarhbl aHAJIN3A CJI0KHOTO CUTHAJIA

Taxke wuCHONB3ysd MJaHHBIM aJITOPUTM, YAAIOCh HACHTUPHUIIMPOBATH C
XOpOIIEH TOYHOCTBKO  COJIHBIE MAapTUM  MY3bIKaJIbHBIX HMHCTPYMEHTOB B
nonpOHUYECKOM TMpou3BeAcHUU. B kadecTBe mpuMmepa Obla B3ATO pe3yJibTaT
My3bIKQJIbHOE mpou3BereHue komrosuropa IllocrakoBuua — Ilpemoguss Ne5. B
MPOU3BEACHUHN UCIOJHSIIOT MapTHUH JIBa MY3bIKaJIbHBIX HHCTpYyMEHTa — (HOPTEIUAHO
u ckpunka. [laptus ¢oprenuaHo HCHOTHSAETCS HEMPEPHIBHO, OAHAKO B JIaHHOM
MPOU3BEJICHUU MOKHO BBIICNIUTH 4 y4acTKa, JBa U3 KOTOPHIX — COJIO (pOpPTENUaHoO,
JIpyrue — cojo ckpunku. B pesynpraTre paboThl airopurMma yJanoch paclio3HATh
yKa3aHHBIE COJBHBIC MMAPTUHU, PE3yJbTaT padOThl TPOTPAMMbI TPEJACTABIEH Ha
pucyHke 4.6 (BBepXy — aMIUIMTYJIHO-BpEMEHHAs 3aBUCHUMOCTh CUTHaja, BHU3Y —

pe3yabTat paboThl Ki1accudukaTopa)
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3AKJIIOYEHUE

B xone Hay4yHO-HMCCNEI0BATENbCKON MPAKTUKU OBUIA PEILIEHBI CIEeAYIOIIne
3a/1a4H:

1. M3y4ueHsl ¥ TpoaHATU3UPOBAHBI XAPAKTEPUCTUKHU 3BYKOBBIX MY3bIKAJIIBHBIX
CUTHAJIOB

2. BoiOpan 3HauuMbIA HAOOp MPU3HAKOB JUIS 3a/Jaydl pacrno3HaBaHUS, a
MMEHHO MEJI-YaCTOTHbIE KEeTICTPaIbHbIe KOA(PPUIIUEHTHI

3. CHMXKeHa CI0KHOCTh MPOCTPAHCTBA NPHU3HAKOB M HAWJEHO ONTUMAJIBHOE
MX YHCJIO 32 CUET PUMEHEHUS METO/1a T1aBHBIX KOMIIOHEHT.

3. PazpabGoTan anropuT™M pacrno3HaBaHHUsS MY3BIKAJIbHBIX HHCTPYMEHTOB C
MCIIOJIb30BaHUEM HCKYCCTBEHHBIX HEUPOHHBIX CETEN

4. [loaroroBieHsl 00yYarOUIUE U TECTOBBIC JAHHBIC

5. BemosiHeHa peanu3anys aaropuTMa B BHAE IPOTPaMMHOIO ITaKkeTa Ha
a3pike CH.

Pe3ynbrarel naHHOW pabOThl MOTYT OBITH HCIOJB30BaHBl JJISi PELICHUS
3aJlayy aHHOTUPOBAHMSI MEMAKOHTEHTA VISl UCIIOJIb30BAaHUS B TOMCKOBBIX CUCTEMAaX
W TeHepaluu  TUICWNIUCTOB.  Takke  pa3padOTaHHBIA  aNrOPUTM  MOXKET
paccMaTpUBaThCS KaK MEPBBIA 3TAall CErMEHTALIMM CIOKHBIX MY3bIKaJIbHBIX CUTHAJIOB
Y UACHTU(PUKALIMU MY3bIKAIbHBIX OOBEKTOB (HOT).

[To wuroram paboThl OBUT OMYOJMKOBAH PsJ MOOKIAAOB B cOopHUKax X
MexayHapoIHOW Hay4HO-TIpakTU4YecKol KoHpepeHiuu «KiroueBblie acleKTh
HayuyHou pestenbHocTH — 2014» (ITompma), XX MexayHapoaHOW HaAy4dHO-
npakTuyeckor KoHpepeHuu «CoBpeMeHHbIe TeXHUKA U TexHoJorum» (T. Tomck), |
MexayHaponHOH  HaydyHO-IpakTH4Yecko  koHdpepeHuuun  «MHpopManroHHbie

TEXHOJIOTUH B HayKe, YIIPABJICHUH, COITUaIbHON cepe n meaurmue» (T. ToMck).
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METHODS & LITERATURE REVIEW

1 Musical sound

Sound is a vibration that propagates as a mechanical wave of pressure and
displacement, through some medium (such as air or water). Usually sound refers only
to vibrations with frequencies within the range of hearing for humans.

Musical sound is a particular case of the sound. It is characterized by its
pitch, timbre, loudness and duration. Pitch has range from note AO (sub-contra
octave) to note C8 (the five-line octave) (from 27.5Hz to 4186Hz) — a grand royal
range. Sound timbre is defined by its overtones (harmonics) and depends on the
source of the sound. Sound loudness must be less than the pain threshold and greater
than the minimal sensitive threshold. Duration is determined by time interval from
the beginning of the sound till the end of its dying. Sound of the most musical

instruments can be illustrated on figure 1 as an amplitude-time dependency.
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Figure 1 Amplitude-time dependency of a musical sound [17]

Onset, support and decay create an amplitude envelope. Typically a musical
sound starts from fast rising of amplitude that is called onset. The duration of onset
depends on the musical instrument and playing style and can vary from several to
hundred and more milliseconds. During onset we have some additional components
in spectrum because of wobbling of finger, hammer, valve etc. The onset is followed

by support. The support is a stage with conditionally constant amplitude and
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spectrum. The last stage of musical sound is the decay. The decay is characterized by
a gradual decrease of the sound amplitude. The decay process is connected with
termination of external force which produces the sound therefore the spectrum can
differ from the support stage. The onset and support are the main stages which define
the timbre. In its turn timbre allows drawing connection between a certain musical
instrument and its sound.

Sound timbre also known as tone color, is the quality of a musical instrument
sound or human voice. Timbre of the sound determines its tone and depends on the
source of the sound, number of overtones associated with the fundamental tone and
their amplitude [18]. The fundamental tone and overtones of musical sound are

shown in frequency domain on figure 2.
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Figure 2 — Fundamental tone and overtones in frequency domain [17]

Sound timbre depends on musical instrument construction features and the
way of sound extraction. Furthermore, a musician influences the sound timbre by
changing the force and sharpness of the beginning or the ending of the sound and
changing the loudness during the sound.

So we can imply that the musical instrument is defined by its timbre and the
one musical instruments family should have similar timbre due to similar
constriction. That means we can identify a certain musical instrument by analyzing its

sound features such as timbre.
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2 Feature extraction

The task of musical instrument identifying refers to classification tasks. The
most feasible classification approach in this context is supervised learning i.e.
training of classifier on labeled data. First and important thing in supervised learning
is to find a proper feature space. So we are going to discuss feature extraction. In
many studies lots of features were used for classification of musical instruments
sound. In this section the review of the main of them is provided.
Basically, we can classify sound features as:

e temporal

e spectral

e perceptual

Let us try to consider each of them.

Temporal features are features that are extracted in temporal domain. List of the most
popular temporal features is shown below.

e Rise time is the time taken by a signal to change from a specified low value
to a specified high value.

e Decay time is the time taken by a signal to change from a specified high
value to a specified low value.

e Temporal centriod is the point in time in a signal where most of the energy
Is located on average.

e Zero-crossing rate (ZCR) is an indicator for noisiness of the signal which is
often used in speech recognition. ZCR is calculated by counting the number
of times that signal cross zero in time domain within a given window.

e Autocorrelation coefficients are measures of how well signal matches with a
time shifted version of itself [19].

Spectral features are features which extract in spectral domain. List of the
most popular spectral features is given below.

e Spectral envelope is the curve that describes an envelope of the spectrum,

I.e. it wraps tightly around the magnitude spectrum, linking the peaks.
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Spectral centroid is a measure used in digital signal processing to
characterize a spectrum. It indicates where the mass center of the spectrum
Is. Perceptually, it has an explicit connection with impression of brightness
of the sound [20]. It is calculated as the weighted mean of the frequencies
presented in the signal which are determined using Fourier transform with
their magnitudes as the weights.

Spectral spread is a measure of variance of the spectrum around the mean
value.

Spectral skewness is a measure of the asymmetry of the distribution around
the man value. The skewness is calculated from 3™ order moment.

Spectral kurtosis indicates the flatness or peakedness of the energy
distribution. Higher kurtosis means more of the variance is the result of
infrequent extreme deviations, as opposed to frequent modestly sized
deviations. It is calculated from the 4" order moment.

Spectral slope is a measure of how quickly the spectrum of an audio sound
tails off towards to the high frequencies. It is calculated using a linear
regression. The spectral slope gives an indication of the rate of decrease of
the magnitude of the spectrum.

Spectral roll-off is another measure of spectral shape. It is the point where
frequency that is below some percentage (usually 95%) of the spectrum
resides. It is often used as an indicator of the skew of the frequencies

percent in a window [20].

The last features are perceptual features. It is a special type of features which

are based on human perception of the sound. Mainly used of them are listed below.

Loudness is the characteristic of a sound that is primarily a psychological
correlate of physical strength (amplitude). More formally, it is defined as
"that attribute of auditory sensation in terms of which sounds can be

ordered on a scale extending from quiet to loud" [21].
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e Roughness is simply how rough it sounds. Roughness is studied by
examining how textures are perceived and encoded by an individual's
somatosensory system [22].

e Sharpness is a measure of the high frequency content of a sound, the
greater the proportion of high frequencies the ‘sharper’ the sound.

o Mel-Frequency Cepstral Coefficients (MFCC) are generally used features.
They are used as standard features in speech recognition. The MFCC
calculation algorithm can be described in the following steps:

1. Take the Fourier transform (windowed) of a signal.

2. Map the powers of the spectrum onto the mel-scale, using triangular
overlapping windows.

3. Take the logs of the powers at each of the mel-frequencies.

4. Take the discrete cosine transform of mel log powers.

5. The MFCCs are the amplitudes of the resulting spectrum [20].

Some of researchers tried to use single features e.g. MFCC [2] and most of
them used combination of these features to get better result.

3 Classification

Classification of gained features may be performed by various classifiers. In
this section we are going to consider the most popular classifiers which are used for
recognition of musical instruments.

The K-Nearest Neighbors algorithm is one of the most popular algorithms for
instance based learning. It first stores features of all training data and then finds a set
of k nearest training examples for classifying a new instance then refer this instance
to the class which has more examples in the set. It is quite easy to implement this
algorithm, but there are several drawbacks: it does not provide generalization
mechanism, it requires all training data in memory, and it is highly sensitive to
irrelevant features [23].

The Naive Bayesian Classifier is based on estimation of probabilities of each
class and the conditional probabilities of each feature within their frequencies over

the training data. The set of these estimations corresponds to the learned hypothesis
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which is formed by counting the frequency of various data combinations within the
training examples and this can be used to classify a new instance [24]. This method is
“naive” because it suggests a certain distribution function across the features e.g.
Gaussian distribution that can be incorrect. However, in practice this method can be
useful within non-complicated dependencies in feature space.

Discriminant Analysis is a technique that is related to multivariate analysis of
variance and multiple regression. Discriminant analysis tried to minimize the ration
within-class scatter to the between-class scatter and builds a definite decision region
between classes. It provides linear, quadratic or logistic function of variables that
better separate classes into predefined groups. One possible drawback is its reduced
generalization power [24].

Binary tree is constricted top-down, beginning with the feature that seems to
be the most informative one, that is, the one that maximally reduces entropy.
Branches are then created from each one of the different values of this descriptor. The
training examples are sorted the appropriate descendant node, and this process in then
repeated recursively using the examples of one of the descendant nodes, then with
others. Once the tree has been built, it can be pruned to avoid overfitting and to
remove secondary features. Although building a binary three is a recursive procedure,
it is faster than the training a neural network [24].

Support Vector Machine (SVM) is a recently discovered method which is
based on statistical learning theory [25]. The main principle of SVM is to search the
optimal linear hyperplane within minimization of expected classification error for
unseen test examples. According to the structural risk minimization principle, the
function classifies the training data accurately and which belongs to a set of functions
with the lowest complexity will generalize best regardless of higher input space
dimension. The SVM, based on this principle, uses a systematic approach to find a
leaner function with the lowest complexity. For linearly non-separable data, SVM can
map nonlinearly input to higher dimensional feature space to find a linear hyperplane

in new space. Although, there is no guaranty that a linear solution exists in a high-
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dimensional feature space, but in practice it is feasible to construct a working solution
[24].

Artificial Neural Network is a computational model inspired by animals'
central nervous systems (in particular the brain). It is usually presented as a system of
interconnected "neurons” that can compute values from inputs by feeding information
through the network. Depending on structure and neuron activation functions there
are several types of ANNs such as multilayered perceptron, time-delay network,
radial basis function network, self-organizing maps and etc. Due to similarity to brain
ANN has a good capability for generalization.

Rough Sets [26] are a novel technique for evaluating the relevance of the
features used for description and classification. In rough set theory any set of similar
or indiscernible objects is called an elementary set and forms a basic granule of
knowledge. On the other hand, the set of discernible objects are considered rough
(vague). Vague concepts cannot be described in terms of their elements information,
but they may be replaced by two precise concepts, called lower and approximation
respectively. Low approximation contains all objects that surely belong to the
concepts where the upper approximation includes all objects that possiblly belong to
the concept. This assignment is made thorough a probabilistic membership function.
Then this information can be used for classifying purposes [24].

4 Related works review

Within this research more than 30 works for last 5 years (and some basic
works which were published earlier) were reviewed. The most significant of them are
described below.

In [19] is considered an approach based on combination of temporal, spectral,
perceptual features and their statistical derivatives such as minimum and maximum
value, average value, standard deviation and variance. Altogether they used 32
features which produce with their statistical values 160 (32*5) features. Recondition
accuracy was about 90% for 6 musical instruments.

Loughran and others [3] used a genetic algorithm to minimize the number of

features. They considered 95 various features. Due to genetic algorithm they
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managed to decrease number of features to 20. Final accuracy was 60-64% for 5
musical instruments.

In [23] is used an algorithm based on non-negative matrix factorization
(NMF). The dimension of feature space was 60. Finally, accuracy of 87% for 12
instruments was gained.

In paper [27] is proposed to use an additional set of features Modified Group
Delay Features (16 features) with MFCC (16 features). Then the total number of
features was 32. The gained accuracy was 96% for 4 musical instruments.

In [28] was proposed a hybrid method based on Fractional Fourier
transformation that is calculated both on spectral and time domains. Overall 28
features (Fractal MFCC + temporal features) were used. The recognition accuracy
was 94.68% for 12 instruments.

In [29] an analysis of two features (Zero-crossing rate, short-time energy)
within recognition of three musical instruments was performed. The clear difference
in these features for each instrument was shown. However, no average recognition
accuracy was found in this article.

One interesting result was shown in [30]. MFCC was used with Principle
Component Analysis (PCA) to reduce the dimension of feature space. This approach
was tested on database of three instruments. The best accuracy was gained with 15
MFCC and four principle components of them.

The aggregated information of these studies is shown in table 1.

Table 1 — The analysis of related studies

Author Year _Number of Number of Accuracy
instruments features

1. Loisin Loughran, Jacquiline Walker, 0
Michael O’Neill 2009 5 20-95 60-64%
2. Rui Rui, Changchun Bao 2012 12 85 87,5%
3. Chandwadkar, Sutaone 2012 6 160 90-92%
4. D. G. Bhalke, C. B. Rama Rao and 2014 12 28 94.68%
D. S. Bormane
5. Roisin Loughran, Jacqueline Walker, 0
Michael O’Neill, Marion O’Farrell 2008 3 4 95.88%
6. Aleksandr Diment, Padmanabhan 0
Rajar, Toni Heitolla, Tuomas Virtanen 2013 4 32 6%
7. Sumit Kumar Banchhor, Arif Khan 2012 3 2 n/a
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5 Problem statement & conclusion
Based on reviewed methods we can conclude that each of them has one or

more limitation such as

e |ow recognition accuracy

e great number of features

¢ |low performance

e small musical intervals

e decreasing accuracy with rising number of instruments

So in this work we aim to develop an algorithm with good accuracy and

performance within minimization of features number. To implement this task we
should perform subtasks such as

e Feature selection

e Test data preparing

e Building of classifier

e Training of classifier

e Algorithm optimization

e [Feature space minimization

Based on reviewed studies (particular on [2], [3], [4] and [5]) Mel-frequency

cepstral coefficients appear as the best features for musical instrument recognition,
that is why it seems to be feasible to use MFCCs (or some of them) as a main set of
features and find some other features (temporal or spectral) to get better recognition
accuracy. Furthermore, this approach can allow minimizing the number of used

features at all.
For better results, first of all, the parameters of MFCC calculation algorithm

should be optimized, and then additional features should be considered.
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