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Linear Multichannel Blind Source Separation
Based on Harmonic/Percussive Source Model

Soichiro Oyabu

Advanced Course in Industrial and Systems Engineering

National Institute of Technology, Kagawa College

Abstract

Blind source separation (BSS) is a technique for estimating specific audio sources from an observed mixture
signal. Among them, BSS assuming a situation where the number of microphones is less than the number of
sources is called underdetermined BSS. Also, BSS for a monaural observed signal is called single-channel BSS.
For monaural signals, BSS is difficult because there is not enough information to find a solution, resulting in a
generation of artificial distortions in the separated signals. On the other hand, BSS which assumes the same
numbers of microphones and sources is called determined BSS. Determined BSS is a linear transformation, and
this mechanism provides high-quality separation performance with minimum distortion. However, the
performance of determined BSS strongly depends on fitness of a time-frequency assumption for each source
(source model). Various source models including low-rankness and group sparsity have been assumed in
determined BSS. In recent BSS studies, time-frequency-masking-based BSS (TFMBSS) was proposed, which
enables us to flexibly design the source models via a time-frequency mask. In this thesis, | propose a new algorithm
that achieves high-quality BSS of musical instruments and drums by utilizing HPSS to construct the source models
(time-frequency masks) in TFMBSS. HPSS is popular single-channel BSS for separating harmonic and percussive
sounds in music signals. The proposed algorithm achieves linear source separation by taking the HPSS-based
source model into account. In addition, I propose a mask-smoothing method to stabilize the optimization algorithm
of TFMBSS, whose efficacy is confirmed by the BSS experiments. The proposed method utilizes two typical
single-channel HPSS algorithms. To compare the performances of conventional and proposed methods, I
conducted the BSS experiments using professionally produced music signals. The experimental results show that
the proposed method can provide more accurate separation of drums and the other harmonic sources compared

with several conventional BSS algorithms.

Key Words: blind source separation (BSS), harmonic/percussive sound separation (HPSS), time-frequency

masking, mask stabilization, plug-and-play scheme
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T T4 RERSHE (BSS) LiX, #HEOFWENIRS LBIES D, RGO FWREHEET 58
fiichsd. TOHRTEH, A 7 BN EREAR ORI EZ R ET D BSS 5 U0E BSS &V, Frlo~ A
RN OO HEER—F v R/VBSS L)L H—TF v 1L BSS T, iz R 572D DNEH D72
WZ ENOLERDEEPRNETH L. D7), HHEE~DONLTEANFEELTLED ZLMNMBEE 2
L. XLUT, HWREE ~ A 7 EDE UK A AGE T 2B E BSS (X, MIEEMRTH L7290, S
EHNAETIZL L, EmERERDBEREETH D, 2 d BSS OMFEEIE, 743U XANTRET
L8 EROREMEEEREE (FIRET V) OEAGEAICHRUKET S, FRICERE BSS TliE, i
TITAE T o 7 MESORE A /S — A SRR 2 7R 5 IR TV MIOE ST X 7208, IR O RIS CHERE 5~
A7 e FIRETILE L THOWSEDRE BSS (TEFMBSS) MWMER S, kAR TEE T SN AIRE L 72
ST KewSCTIE, THEETERESEE (HPSS) % TFMBSS OFRE T /L OMEIIEN 5 2 L T, %
T e RTLEOREMNER BSS ZFERT 5703 Y XAEZHTIIRETSH. HPSS IXERETICEEN
LS LTS OSE CAA TR —F v 2L BSS THDH. ZOTINITY RNILY, H—F vy
BSS OEPRE T Mk - T2 47BE% TEMBSS (231 2820 Bff CEER T 5. & 512, TFMBSS O/t
TN ZLEREREEDLTZODAL—T U TIELIRET D, FEBRTIE, B#ELTEAL—V LV TED
BWEERGEL, A L=V ZHEORMMEEZ R LT, S6I10, ZRE TICRESN T2 FMN AR 2 1
FHOH—F v 1)L HPSS ZH#ERE T /N3 Y AAITEAL, FHRBEMREICIS ) 2 iR E R AT - 72, KB
FERELT, WINBIRET LI XAOFEMER RSN R E o7z,
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11 FEREIHEOGER

HIROHEC Z, BL-D2EEGH2S, BENMOESEZHET 25MTH 5. BAEHIZ
MABIZ Figs. 1.1 KX 1.21R9. £3, FERIHEDOR L L THERESIINY 2 FHTEED
KiFohs., HRESIINT 20T, BEES»rOMECZREL TERZT 2HME T 2
T EAOTHER, BRADPRFEZITo TV AR T TEADEEBEICTRELHE T2 X5 7%
ERELEFODBMAREND S, INLOMRDEKL LTIE, Av—FRAE—A—F L/ —
Y aYIRAT LR EEFEBBBMNEHWICHS AT AEFEATWAH, MEREPEE
N2 RAEESTRANGEEORBEELIZELIET T2 W MENFEL, MEDIREDR
WY 7REREENBANTE LTRDOLNTVWE ZEDRETLNS.

=000l LTERESIINT 2H8ESHND 2. BRESIINT 2 08T, 28
WL ERES»S, 7/, ¥X—, FI4, ROR—AVEEOHFRBCTHT 205
WHEZITS. ZHoDMRDICHRIE LT, 18, BFEEMOA —7 1+ TOBRELZTS L5
7Y Iy AL ESNTE D, =7 4 AREEITO L5 Lk —FI3RHREOENE
BROBERELBEL LTV BB TN,

Eieo k22, BEAHEMOGIFE=—XDPEE->TED, ITNODRA Y ZHIET 2121
EREELREREIMFENIRO NS, ZOEEDNS, 1990 FAr65HETH LW S EFRY
BEFEPIRRBREINTE L. Z20HERDEHFEOTTY, 4 70k RHHOMER D HAE
HeHWSIZ, BROFEPEES LBIESY>S, BEMOSTRESZHET 250z 77
4 ¥ FEIETHEE (blind source separation: BSS) &5 [1, 2. BSS O#f#E % Fig. 1.3 iZ7R~
T, RHDEER A (%4 70K U RHFEMEPHEDORZ EITKEL TEL) »5REE
BEHRERENS. ZHIHLTRERER A OHRTDH 2 78R W 2H#E LIREESIEA S
5 CREMOEREZMET 2 L WO HMHATH 5.

B~ A 70k Y BHATOFRB L 722 BRESRATTO BSS 121X, MILKT 7
#r (independent component analysis: ICA) [3] IZFD K FEDBLL WL TWS. filZ
X, ICA % B E#E B U7 B EEE ICA (frequency-domain ICA: FDICA) [4]-[6]
%, FDICA 2B 28— 3 27— a Y# [7] DR & DEETH OHEE %2 RIRFIZAT 5
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Application systems
automatic speech recognition

| ((E»)) = Y

Input 1 Smart speaker  Navigation system

——

e ———

Enhanced speech signal

i) id

Background noise

Mixture signal %

Fig. 1.1. Application example of speech source separation.

SARZ RVt (independent vector analysis: TVA) [8]-[10] K M HIAK Z > 7 17519 #
(independent low-rank matrix analysis: ILRMA) [11, 12] F2#ER STV 5.

FRCERE R BIRTBED AT RER BITE BSS @ IVA kO ILRMA &, HEIRES BT 2 5Eq1
ME (FHEETL) KEOSVWTAA—I 27—y a VEEZRERLTBY, RETLIAZFHEET L
LERDEBREESLOBEEEEWICE o T, MEENKRELMKFT 2. HIZE, IVA ZR—FF
DEJEREBE D DIFRHIIR VAT — 2RO Z e ZRELTED, ZHIHFEFEE DR ERE
MEICREET 2EHET NV TH 5. ILRMA FIFAMEITHIR 2 (nonnegative matrix
factorization: NMF) [13]-[15] 2\ 2 Z & T, [F—ZHRORMEEREREEIME T > 7175
TEEICGIBTEZ Z e ZIRELTED, F I ARREME LR L OE LGS DR & RS
KRHEETZ2ERET NV THS. THoDFERIDDNZZLIEF, IHRVWERETLE
BSSCBEATENE, XVERERDTEEENSONIRELDZ VWS THD. £
D=, BADOEFRET VERAWT BSS OUREZET 2 Z e ERELEX 5.

ZOHMZH LT, EXHAESBEE [16]-[20] 2 W TIRIAWETEE 7L ER—IICik 2
ZEE BSS 73 ) XAPREI NS 21]. ZOFETE, TEIEHAE 20] PEIHETE 3
B TERINGFRET L THNZ, BHIEREBSSICEATZ2I 2 TES. ZLT,
COREERAREZOEABRERETAVCBWTHELE: LT522 2 TE, KM
BRI~ A% > 7 LTHEBRAIBETH 2. ZOMFICESL BSS & LT, REERK~
A% v 72 HD L BIRE BSS (time-frequency-masking-based determined BSS: TFMBSS)
[22, 23] MR XN fz. TFMBSS 13, WEERB~R 7 TRENLGHFRETAVZHWT, #E
D (EHDDIEN) ZF ¥ 3L BSS HATRETH 5. TFMBSS DISHIfI & LT IVA O EHE
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Application systems
music analysis

Automatic transcription
Pitch estimation
Chord estimation

______________________________

v

pommmmmm————

Mixture signal Estimated harmonic and percussive sources

Fig. 1.2. Application example of music source separation.

Mixing system Demixing system

& MWMWWXKSMWW T
% L e TR

Fig. 1.3. Overview of BSS.

TINZ A= R ZIBI L 7z A= X TVA [10], ILRMA O EJfE 7R 8= A 2EM L
7oA 8= Z ILRMA [22], RUFABMEDHFIRE 7TV ZRE LKA 2 s A7 (harmonic
vector anarisys: HVA) [23] R EORRBHEES L TWB. &, TFMBSS & ELIF 2 FiE
LT, MBBRUcE-D K IVA o 7 EUCR R Y —DHEEZH V2 ETLR— X
IVA [24] RR T35, TFMBSS & (a) SB(CIEEDEEEZ AV 2 SR T (b) M5z
HRARILE VS FEHIPHAZERZ 2 R0 2 HTRELRL 2.

1.2 ABXICHITBERE

AR TE, TFMBSS @ IERBGEFRETAZHEE - TEHATE 5 WIAREEPL
HESOTHECTHELLRAPATES 7#E (harmonic/percussive source separation: HPSS [25]7
[30] % TFMBSS OHFFEETNVCEAT 2 Z L 2R T 2. BE7 LTV I0E, RAEE (¥
T/RXR-REOEM R o 7R E) LITRE (FJ48) 2R LemmHEZ BSS
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Fig. 1.4. Scope of this thesis.

ELTHEMTE S, BE7LY XL OVWTIEXRETANS. £, RET7 LIV
ALDERTRA=RIZDOWT, SHOEMZ AV ERIRFAESITS.

CORBET N X LADEHFFIEC T2 BMEYR Fig. 1.4 12~F. HPSS X, #HoD
FEREEVREE LT IVEBENRE T2 —~F v 2L BSS THZ. ZOH—~F v 1
BSS Tl&, HIRZDEEST 27 DICIERERNBESRE L 72D, Z OFEDHEE IS N TEADTE
ALTLES. BEBBICBVTE, ZOLIBRALEAPRELLES, ZEMEIEL A
BN TLES Zvichd. BE7L2Y) LTI, ZOMERBRT 27-D12, BRE BSS
DR TBEZTER L7 s, HPSS OFRET MR- 2082175, X512, ZhETIZR
RINTELRENZ 2EEOE —~F v 2L HPSS DWThrZ2ER L TIRE7 LT Y X A
WAL, BEETVOREICNT 2MREHIEZITS. AT, BHEOFEREIRE BSS &
bHET 2T, HETALITY X LOEAMZHERT 3

1.3 FEBXICHTDENE

BREELHEE LT ICHHET 2 22X, 2L OERESUHFROFUEL LTH
RAEDPED ATV 31]. HlZIE, VR~ y FOBEMERFEANDLHA [32], EilcBT
2 BREHEE ORTLEL Y L COEA [33, 34], BRESOME B EM O MREM L [35] 72 &3
EiFohsd., 25618, ZThoDEREFTOMENT (2—F - 72K - BEFOHE) ZHVE,

HAREHRME (music information retrieval: MIR) 232278 ¥ U OGEEREL TW3
[36]. MIR 3EF 2 ANEAKE L, ANWSNEFRORYSLUHERZENT 2T, BEET S

HREMRT 2 LIRS AT A THS. MIR DT TRICEWT, HPSS @ & 5 L oEiidE



1.4 FFWXDWHE 5

HRBE 2R oT0a. MIR OFASFICEIT 233227 1 LT, BEERRRa VT
A b (music information retrieval evaluation exchange: MIREX) [37] & F A4 {EF(LL TW
5. ZhoDZ ehs, FHEE LTRSS 2 0MFEOMRM LIZ, EELoRifiofEER
FeREIETZ2LER5.

1.4 FREEX DR

KENCT, ARXOWEERT. %73, 2ETR, TEEEMHETILHAVLRIERNR
BEOEHUCOWTHIL, X5IXAMXICE T 2BEHOMFTEE LT 3 MO HPSS K&
O TFMBSS OB OWTIANS. 3BT, BRHYXDOEBRER7 LY XLIZDODWT, AT v
THIZHEMIRNRS . 4T, IBBE7ALTY X LD X —XFERFR, 28HOEHRET
IR 2 LR EERR, R OBEFD BSS & O HEBEREZITWOBEERE LGS 2. BHKICH E
T, 2 TCOEZBIE LM 2hN 5.
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ARITES 2R LICEROEIR
EEFS

21 FZAMEF

RETIE, RSB 2 BELRARAGE T 2. 7, 22T, SEE50LHIIC
BOWCTEELRFIUE Y 72 2 5EFE 7 — VY = £ (short-time Fourier transform: STFT) 12D
WIS 2. 2.3 8iTiE, BEHEEBREGEBICEB T 2 FIRES RO BSS @ bE2/T5. 2.4
fiTw, BHllo~vA Z7a kLo THEIN S BSS ICOWTHERHT 5. 2.5 8Tk, FAEE
CHREOSHHICH SN 2 H %7 3 O HPSS 281 L, 2.6 fiTid, TFMBSS O R
B OWTHNCRR T 2. 2.7 HiTW, ABERCBIIZ2FHERNS.

22 STFT

STFT ¥i%, 1XToOREIES % 2 Xt O BB S 1A 208 cdH 2. STFT O
WHEDOBE % Fig. 2.1 1273, STFT OB EBOEIRVOIC 7 VEEZhZNQ MU T
L E, FEEOES [ © j FHOERKEXEES (R 7 L —2) 13X TRES
na.

20 = (G~ D7+ 12— D7+ 2]+ 2~ D7 + Q)T (21)
:[gmHﬂmpL“wgﬁM,”,gﬁ@]TGRQ

ZZT, 1=1,2,---,L,j=1,2,---,J, Rtfq=1,2,---,Q FExhZhHRHDAL > T~
2, K7L —24, ROKEZL—2HN03 > Iz, T I3EE, R EIEREEDEST
Ha. £, BE7Z7L—2J3XRCLDEZLNS.

gL (2.2)

-
HL, BEELEZEEIAY M PER L2 X5 CERE 7L —2DEEOMEICEY R %
HATBUH (BaT 4 v2) BEEhs. £/, &R 7L —21281r % STET 13X
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~ Timedomain ) (Time-frequency domain
Time waveform
B b rpdabidnfefidn s A X
s s >
i i o
| 1 c
e NM )
X LR 8— N
- - )
-\ b
/WM‘“ Discrete Fourier transfofm Time >
Wind :
function™ Spectrogram
n Discrete Fourier transform (Complex matrix)
il
Shift length X |
) ,/\W rtransform
{ourier transform length / \ /
Fig. 2.1. Overview of STFT.
DEITKDENS.

Z = STFT, (21, 2® ... 2Dy e c!*’/ (2.3)

ZIT, CIHFREHROEETHS. ARTZ MR TI N Z D (i,7) ‘FHOERIIRA TR
na.

Q .
Zii = w Z(J) ex _L27T(q - 1)(1 — 1)
K ;;M] d p{ T } (2.4)

ZIT, FiE L] +1=1%28238 (] 3KEE, i=1,2,- T 3EERC D4 >~
FU R ZEREM, w=[w[l],w2],---,w[L]]T € RC @ohBAELKE zhenET. 20
BEMEZES 20 CEL 2 22T, BMOREEEEE 2L - LTWVWS. MO0
5, KM X JEEETE S OISR E - 1 HETH Z R ohs. ZhEARZ s 5L
RN BEEBUHIZBWTIE, TOARZ  aZ 54 Z ZEBILHEONRE T3 00—
ThHd. FROBHEBEERUOEREZDRARY burJ L% Fig. 2.2 ITRT.

23 ERE
FIRAEBHF v 2 (A4 70k 8) 22heh N RO M L, ZF v 3L DFH
{§5% STFT LT o 2 MMABEEO SIRES, BNES, RODBHESE2nen
Sij = [Sijh Sij2y 5 Signs Sij]\]]T eClN (2.5
Tij = [Tij1, Tija, - Tigm, -, vigu) € CY (2.6)

Yij = Wij1, Yij2, > Yijns " s yijN]T eCV (2.7)
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4
#10 20
15
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T 5
3
c 0
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] -5
[
-10
-156
-20
Time [s] Time [s]
(a) (b)
Fig. 2.2. Spectrograms represented by color map: (a) speech and (b) music signals.
Mixing Oracle Observed Demixing Observed Estimated
matrices spectrograms spectrograms matrices spectrograms spectrograms
& - 2 - 74
M Wy X
Wa.
g w, 2%t
source tme channel time time
Mixing system Demixing system
(a) (b)

Fig. 2.3. Schematic explanation of (a) mixing and (b) demixing systems.

¢RI, ZZC, n=1,2,--  NZEEA VT I7AKXUEm=1,2,--- M FF ¥4 T
I AEINZIURT. £, BEEEOERARI T TL%E S, eC, X, eC | RO
Y, eCH TRT. ZhoDfTHOBRIZNLEN sijn, Tijm, K yijn TH 2.

BIES si;, BES x;;, RUODBEEES yi; OB Z Fig. 2.3 187, BRERPIIUE
RETHY, REEAFEBEHRTOERBRIREA TRITE 2 L IRET 2 &, HEEEORTE
RERREETH A;=an ain -+ a;n]ECMN (22T ain=Iain1, Gin2y, -+, Ginnr) T 1EH
HIRORAT 7V Y IR M V) BERTE, BHIES L EHRESOMBEERATRETE 2.

331']' = Aisij
@11 v G4N1 Sij1
= : : : (2.8)
il AiNM SijM

ZIZT, A ZEHEBOWIR, ~A4 7k ofiiE, RUHMEOREES VR DBEHRD S S
WIS 2T LTHD. ZOREEETNME, KAZRSROBRERMED STFT 0BE XD+
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TEWGEIEMNCERLT 2. 20 &, M=N 72 A; BERITHIUL, DBEXZ b
’wm:[’wml, Win2, °°°, ’LUmM]T T%ﬁéﬁé%%ﬁﬁ?ﬁ” Ai_l:Wi:[wil Wio - 'wiN]HE
CN*XN BEEL, DEESEIRRTE2 60 5.

Yij = Wizi;
Witr v Wan || Tijl
= z z (2.9)
WiN1  *tr WiNM | |TijMm

22T, M koo — Mg#E, T 3EREEERT. #BUUE BSS T, X (2.9) FooBET
W, Z2RBEE (1=1,2,--- 1) TBWTHET 2 Z L ARMKNZERL 5. THHES v,
&, BIMES o 1S LT TRHTIZ R 2 Z e THESN 720, K (2.9) &
ZERDTEEIAE 7 s VR X ANE L Efich D, NTHREAD DR (BAEOEW)
DHEDTRETH 5. HL, A, ' = W, R 20BHTINE N = M 0&M%iiz X 213 3T
TELRWD, K (2.9) OFEDHEIEBRESRSE (N < M) TOABEHAARETHS. (N <M
TRERD AN EORTEMZEHA L TN =M 325N TH23).

24 BRAGESOFvyRIBICEITIZ3EEDHFEDOX D

HIRTEEC AW SN2 H0E, DEESROBIEITF ¥ A BDE N K o THERX S DFES
5. TOWME % Fig. 2.4 127, BlHllF » A VBL—D205E, H—F v (£ 7)) &
BBz WS, file LT, HPSS [25]-[30] R & HTH D NMF [38]-[40] 3ZEF bh b, Fiz,
METEHR—F » 1 VERDHEE LT, FKE=2—71 %y 7 —72 (deep neural network:
DNN) ZiEH L BREBEFENIFEICZ CRERSIN TS [41]-[45].

—7, BEOBHF v 2L THRESNLSEEELZNR L T255813, BHlF v 25N
BEFEB LD DRVEE (N > M) &, BHlF » 2 VBBEFEEU EOBE (N < M) 3%
AbN5. BiERBHRERMSE, BEIBRERG LTINS, FICBREREOFRE AL,
K (2.9) DX ITHRETHET 4 V2 W, DK TE 27280, BADDRVENE LR ETETHED
ERTZ AR H 5. BIRESAFDOFHRTEEDH & L Tix, ICA [4]-[6], IVA [8],-[10],
ILRMA [11, 12] R E¥H 2T 61 3.

BT v A AVBD DRV NS X, BERDZL-DDOEREL VPRV VS I TH
5. Z0®, BT v INEBPBRVEEERSEIRETH D, DHEEOEHISILT S
R H 2. 1E-oT, EMELNEREL K2 EREER LTI, KRECHEI P ERE—F v %
LNEREDTHECLREZTEDEMEZEALTY, Z20%O7 SV — 3 VIIEHATERVATEENE
MH 5. Iz TDNN 2ERH L EEDETFRE, BFEOIEREERDBEFIRIC R TRIER
MREM L2 RE T30, DNN IZIEREE/RTH 279, IFFBUBEISER T 2 A TEAD
BEREREIA TRV E WIS RED DS, DLEORR I D ARG TE, AIRERR D &M E R
Gtz bR VED) BEIMEZER T2 2HNE LT\ 720, BHRE BSS 215
&35
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Low quality

~
+ Monaural » 1chWWWW
)

Number of channels = 1
\Monaural recording Monaural signal (1-ch) /

4 - )

. WMMMM i
* Underdetermined » e
Number of channels < Number of sources R-ch WWWW

Stereo signal (2-ch) /

1Ch v \

20N b O

* QOverdetermined
Number of channels = Number of sources

High qualit :
ghdg v \Microphone array Multichannel signal /

Fig. 2.4. Classification of audio source separation techniques based on number of channels

of observed signals.

2.5 HPSS

HPSS 37258 K VA TRER O F RO, MBI ZIRIERARY b a2y T LA 0E2RGE &
LEBERETVICHESWT, RAD L1, BREFESZMNE RCITEE COHES 2 THET
H5.

B=H+P (2.10)

ZZT, BeCH, HeCH, Ry PeCHix, zhzht/’ 7310REEEDERARY
raZon, DEEINETHEESOERART b u ST A, RUDBIINTITRESOEER
R7Z+yaZSATH3. HPSS O ER Fig. 2.5 123 . HPSS 1%, TR ISFEREJT AN E G
(Fig. 2.5 FOFRKE) TH Y, FIEEIIIEEHI T2 BB EN (Fig. 2.5 FOEXR
H) TH2, LLWIRBARY bu 2l I A@EORBICEH LTV, KREITIE, 3EEONK
K7 HPSS ZERFEL L THAT 3.

2.5.1 smiE{kIcE 2D < HPSS

H47% HPSS O —2imi{tiz3ED < HPSS (optimization-based HPSS: OHPSS) [25]-
[29] BMREE N TS, OHPSS T, HifiTHALZ: H & P OofEDEWZ BIEBORK
W{ETRBIL, ZoRBE{LRIEEZM e CHRERCHEE 2HET 5.

ik [25]) @ HPSS T, BEESE Bh»5 H ¥ P 2#ET 272912, KRN0 BWEHKTR
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Percussive

components

Harmonic
components

Frequency

Harmonic estimate Per

Mixture

Fig. 2.5. Separation principle of HPSS.

/ME3 2 HRU P ZH#HET 5.
2 2
J(H,P)=Y_ {“YH (Ihig+0) 1 = 1R *°)" e (Parn; 0 = Ipig) ™) } (2.11)
i
ZIZT, hij RO pi; 3FRZENH RO P DEZETHY, vg >0 "TF vp > 0 ZHIENDE
AEHTH S, BB, R (2.11) OB MU BT, IR SR IR 5T
Wwa,

1bij| = |hij| + pij] (2.12)
arg bj; = arg h;; = arg p;j (2.13)

K (2.11) OF/MET 2 hij R pi; 13, RAROREEHAZLTD i R jIZOWTHEDIERL
RT3z THETE 3 [25].
By |05 = Vi (1Pi1)1°° + [hi—1);]%°)| big]
1j

- (2.14)
2 2
V2 (13 + hos10%)* + 702 (i 4nl0 + lpi-n]0)

05 — vp (IPig+0)1°° + [pii—1)|>®)| bi|°®

_ (2.15)
2 2
\/7H2 (o110 + 1h-1)31°%) + P2 (Iig+1)°° + [pig-1)°°)

|pij

252 AT 72 T4 RIZED< HPSS

OHPSS L3R4 27TV XLT, HKERTITREDRARY b a s S AedE s 28500
ELT, X747 Y74 VRICESL HPSS (median-filter-based HPSS: MHPSS) [30] 3
BTV, MHPSS 1%, RIBRARZ s 025 o0 B R OREREG B Z e
FATYIANRERATS. XF4 727 40RIE, 74NV REERAT 25HDI L 27K
DD ZRETE 2720, L OBN L FBBEFEIMENS. EoT, REEFM
KMUTEEBAEOWE S 2R LI EES2HET 2 2 e TE, FARERCITEENES
ns.
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MHPSS Ti&, 74 VEZYAX2D+1DBERXT 4 7> T7 4 V%27 PR1IKTILL
BOLHEMT2. X747 Y7 4 AREHMT 227 FE, XD & 5 ICREES OIRIE R
RZ v a7 7L |B| DITRUFIRY bl k3.

b = [[big—pyl Iig—psn) s [bisls biggan |, bigpy|] € REH (2.16)

b = [be—py;l, 16Dyl o 1bish byl -+ s pysl] € REH (2.17)
INEDRT PVICRAT 4 77 4 VRZWEH T 28T, hijj R pi; BHEETES.

|hi;| = median(b}) (2.18)

Ipij| = median(bg?) (2.19)

Z 2T, median() WA ENTART PAVOFREDOAER S T — L GRTEETH 3.

253 ZF v RIJLHPSS

R & FEOBEET, HPSS ODZF v 2 LFHE % BfE L12ZF v 2L HPSS [46] 24
RINTWS. ZF v 1L HPSS I, H—F v 1)L HPSS TIRE XN 2 BIEE T MITMZ T
e HEATAHIE 7L (spatial covariance model: SCM) [47, 48] ZFH W2 Z & T, ZEHIVA
EERICETZ2EFTAZREL TS, £F v 3L HPSS T, R (2.10) DREZ R OB
TFEZRITCHEZE Gauss DHOHERER Y LTEFMLL, ZOBDZERAMHEITE %2 XN TH
B3 5.

=P = o VR 4 oD R (2.20)

z2T, o), o) €C RIMRESRUITRIEED Y — 22 tursaTHD, R,
R eCVN 13, BEFESOEMORESD (BER) BRTIHFLL SCM TH2. %
7, S eCVN BRAED SCM 2K T. 2LT, ERCHT 2 MMALESARTE R 51

TWa.

log £ = — z}%$w>1(d+mma<zﬁv (2.21)

22T, det()ETHIRERL, tr() FEATINCHT 2 bL—X2ET. 2 s
SCM OHEERITTH 2 (ERDFFMNISCHER [48] 2 ZH).
ol o, o) Ro R R cEMaEEAL, EM 73 XA [49] 2 AW

TR ERIER ?’éﬁf%/\7x 5?’23]?&56 AT XD, BB R OITRE T D AR k
VR FIRFEOERURIRR D85 X — ZHEE 2TV, TRLICHE ST HEEZITS.

26 TFMBSS

TFMBSS [22] &3, FEERB~ R 7 TRHAIN 2 EFRE T MTED  BIVESRMA BSS T
H3. COTFERHRT 23 ETHERMGHN S TFMBSS O 5% 2.6.1-2.6.5 S T3 5.
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2.6.1 FEEERZE

TFMBSS ZHf# 3 2 FCTEMA LR & 72 20 EHAZE (proximity operator) [20] % &t
BAS 2. AEEAZRE, 2 THERZEMBER f(x) T L TRATERSI LS.

. 1
prox, ;(x) = argmin f(y) + o—x - yl? (2.22)
YERN Y

ZZT, x,y € RV IIEED N RILEHMRZ bLTHD, v > 0 3EEOEARKTH 3.
|- & e 7 2%RT. ZOERZEETLDRTLGHT 220, N=1RKU f(x)=|x| T
HBHEXTOWTERS. O, ANikx=2r32%, K (222) 3 TATET 3.

. 1
prox.,. (2) = arg;nln ly| + %(2 —y)? (2.23)

K (2.23) IBIZHEIHIZ, FEDy EANEx=2DFRETHS. ZORRELA
B (GR(2.23) BV TIEHMEIHERE) © OMPHRB/NE 2 HERTOIEHEERR
ThHhad. Uk, ZFEELWSHIRIGESZ oz LT, ANBE f oR/DEERT Z I
HE T2, SV 2y, ZOBE prox. ;(x) 13, AJME x DIfET, AJIBEEL f 23/h&E L
BEREBITIEHETH 3.

26.2 FREEK#H<RY

i, FEEREFEE~ A2 1COWTHAT 2. REARR~2 7 1%, BEEEORRZ b
75 LDH R EFEBERIIH LT, HNODBHE S OWAPFEL TWELE S 02RT
ZRTEATHITH D, V7 b A7 THIUE, FHEBEEB~ZA 2130505 1 $TOETHENKE
n, N FVRIZTHIUL, 0 XU 1 OfETHKRENE. ZOMEZ Fig. 2.6 .IIR~T. KO
IR, K, BOFEDLOMBEEEE, SROFHFRBITDAZED H L2 WK ZRE S
%. ZOWK, ROFHDED%Z 1 TN E 0 T2 X574 F U ORI E R~ 2 7 2
L, BEEEDARZ vurT A BEERR~Y A7 2 BRBICERT 22T, ROHFE
EZOMDERZ DHET S Z L DRRETH 5.

2.6.3 EWMXEESEEE

2.6.1 SO BEEARZICH L7z, WAKNZRBELT L3V X LTH 2 EXOa 7 REE
(primal-dual splitting method) [16]-[19] 23 5. FAHAEDREETE, XX o&m/MU
MEZEZ 5.

min f(x) + g(x) (2.24)

xERN

ZIZT, g(x) 3 THERAEMEKTH D IFAMIBERE §5. ZoR/IMEFER, g(x) H
11'%7‘7—[% THEOEHDOREETIERETIE, B IEBTERN. Z T TERLEED
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Time-frequency mask

Spectrogram of mixture signals tract ce

b

Frequency [Hz]
Frequency [Hz]

(7]
4 4 VRV a).
T
Uil
%H‘

Fig. 2.6. Overview of time-frequency mask: (a) mixture signal and time-frequency binary
mask for red source and (b) extracted red source by time-frequency binary mask.

BEETIE, SERIFARZAVT, x e RV K LU TOEH 252 % 2 & T OREZ# <
x(nt — prox., <x(”) — ’ny(x(”))) (2.25)

ERE, f(x) T2 R RER TEOEHRE g(x) 1T T 2E#ERAEOATIE LT
BZ22Z2 1Y T3, ZoFEHE, R (2.22) DLSEMT 2 e XXTEHT 2.

1 2
x("*Y) = argmin g (x(”) - A/Vf(x(”))) + — Hy - (x(") - 'ny(x(”))> H (2.26)
yERN 27

Y oT, ERHEES MR, BARTECE T f(x) 2/hE LT 5MICRIEL, 20k
Tg(x) b/NELRIZEANE x ZEHL TV S.

RO ERCHAE S BEEE, BRENRRRE O CEEIERARIHERETH 2 Z L ZHiR L
LTHBD, ZOH{E% prox AJRE (proximable) MR, Bl%, X (2.24) OMEIZE W TERE
TEHZRDONR 725 g(x) 3 prox AJRECH 2 Z e WEE L 85, 2D, ERCHIETHEE
ZEAT 21213, BINZMEZ, prox AIRER g(x) ZE ALK (2.24) DFEAL EFSETL
b3 208N H 2. BIRTHEOWHITHIF T, prox AIRELMIBTRIN S HIRE T LHZEL
RRINTVE 0, FIHIEDEEZICHMNFRETH 5.
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Algorithm 1 primal-dual splitting BSS
InI)Ut: X7 W[l], y[1]7 H1, p2, @
Output: wlk+1]

1: fork=1,2,--- /K do

2 W =DIox, r [W[k] — ,Ul,u2XHy[k]]
3 z=ylM + X (2w — witl)
4 ?-z—proxlp[]
5.yt =y + (1 — a)yl¥!

6: whtll =aw+ (1 —a)wl

7. end for

2.6.4 FIWhFESEEZCHALEEREoM7ILI) XL

DEEDOHFETHICBNT, KO BVWHFEEFTLEZHELH LWV BSS BRI
5%,%&6@aﬁ%rw%ﬁ IR AZ B 7LV — LV =B RET 24K 5, BEFOER
ETNEDHBMPES IS, ZOHNIR L, #ido TR 7 BEE 2 w72 iAW
FRETFTAER—MICI|Z 2 BSS 73V XA BREINATWS [21]. 2D BSS 7T
U X L% Algorithm 1 IRT. 22T, X ZZF v 2 ABIEEOEEARZ bu s T4
(X1, -, Xp) 2OBRINZITH, w Z2RAFEROTHTH (W, W) 2T L
CL7ZERHTHZ. Plz] 3ERETNMINET 2B TH 2 GEHRERIIUR 21, 22)
)., Zo71raV XalZ, BiffiCHS L =ERhTEDREE L E U L, prox RIREXR BEURE
STV RHAER LIEATERY. Bb, B LTERETF AV ZIARIICERT Z % BSS
(ICA, IVA, R ILRMA 7% ¥) (I EHAREETH 208 [21], FlzIE, BElF— & %2 HIHK
ENd k5%, BB LTORBRLRMO BSS ICIEEAT 2 Z e TERL.

2.6.5 TFMBSS DO#tE

RITEICRE L L 72 [T 2 RT3 2 7= 12, BIRUE D RMDIERWHJHE 7 A 2 —HYIC ]
Z57NTYRXLE LT, TFMBSS RSN TW5 [22]. TFMBSS D713V X L%
Algorithm 2 1IR3, TIT, 0 BEEFDEEZKRDL, generateMask(-) l&~v R 74 ME
BMTH 3. Algorithm 2 1%, Algorithm 1 D 4 ITHOANEEINLT7 VIV XL TH 5.
Algorithm 1 12B1F 2 0 BIEAZOHE, 02056 1 OFHEICB I 2BELETHD, ZhiZ
W B R ~ R 7 %2 ER I 3 2 80F L HMBIRICH 2 Z e e hTtns [22). &
ATED, HRIICHEREZS VKIS 2B Plz] 2F 2 TELRTFUIL SRV WD B
ZEGEEL 72 ET, ERROT7 VIV XA LAROBEZ T 27 LTV XABREBHEIATNS
TFMBSS Tld, HEZE# z 2518 Loz S o 1E# T 2 &5 R ERE~ R 7 2K
§BI% generateMask(-) 2 HAEM S N B FHERB~ R 7 M Z2EFRET L LTHEMTS.
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Algorithm 2 TFMBSS

InI)Ut: X7 W[1]7 y[1]7 H1, p2, @
[K+1]

Output: w
1: fork=1,2,--- /K do
2 W= proxmz[w[k] — N1M2XHy[k]]
3 z=yM + X2w — wlk])
4: M = generateMask(z)
5 y=z—- M@z
6: yFtl=ay+(1—a)y"
7wkt = aw + (1 — a)wl¥
8

: end for
Observed Separated
signal A signal

bt Demixing matrix|” i
WMW _s| perfrequency |, m

p=—————

Update the demixing matrix to ensure the separated signal has
" time-frequency structure as enhanced by the mask"

Fig. 2.7. Separation algorithm of TFMBSS.

o T, v A7 AL generateMask(:) ZHHICANEZ 2 LT, RALKFEET L E
AL BSS 23E#ETE 5. TFMBSS O7#7 L3V X 4% Fig. 2.7 12773 . TFMBSS T
&, DEEEESREREE R 2 7 M THEFAI NS & 5 RREE RS 2870 X 5 0BT
Hlw ZEFHLTND. 2D, REEE~ R 2 M ORET 2 EIRE TR - 72778
MATRETH 2.

27 XEOFXC®

AETIE, KX TEELREBIFRICOWTHEHRL, B—F v L HPSS O IEFEHE I
T 3 E R TEMBSS OF 7RI 2 X2 R, RETIX, KECTHIL -
TFMBSS O EZiEH LT, H—F v L HPSS OMEEAZMRT 37 LI XA RIRR
T 5.
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E3E

RITEEETILICE DRSS
F v ZILE RSB

3.1 FZAHE

RITETE, {ERDERDBEFIRICOVTH LML, H—F v %L HPSS OIEGFH It
T 3MEE RN RETIE, BEARS~X 27 2EFEEFTLE LTHWS TFMBSS O
REZIEH L, H—F v L HPSS & #E BSS OME 7LV XL Z2IRET 2. 3.2 fiT
&, B—F v 3oL HPSS ORI S & CBHE BSS OFS2BEERD TP, RmxicBiT 5%
RB7NT) ZLDOEEICONVWTIARS, 33 HTIE, BTNV XLOWEEZERT v T
CIEHLIBHL, 34HTIE, BEZLVIV X LDONREEZBIRT 272012, BDERAR
BRAL—I Y TERRERUMBHT 5. 35HITIE, KEOZLOEARNS,

32 RE7ILIIXLOEE

SHICESET, 258D K57 HPSS 13, HRESHENPLV I v 7 XOHIMIE U THE
KHEAIhTER LrL, Tho ONBFIRIIE—F v 2L BSS TH 27280, #HEE LT
BEEINCOHT 2 e TELKE, FELRERIHTHZ Z L CERT 2EEOSHIL
DL 725, Bz, BEIBOBRERSVRANCERE T2 22k Ia—Y L4
REDNTIREADPRET 2HEDRDZ. ZDXIBEAZ, BT 2SR T LOHERK
TXH, TRESOEMMMELZIELRDE 2 L VWS HBEICEA 2. ZoOMER, FREEDX
N EMABEAEE R EZICBVWTIERELNTHS. 22T, Fig. 3.1 KRB TBI &
JE, B—F v 2L OHPSS i ko THB I N2 F IR, NUE—F v 2L MHPSS 12 & > T4
BN 72 BERDORARY baro 2% B LEGEZRT. Fig. 3.1 (a) KU (b) DRARZ b
0277 M2, NLEAPRELTWSEZ e gh5b. —7F, IVA R ILRMA O X 5 \ZEHEIE
EDBUIESRS (M > N) Th 3561, WEREMTH 7 + V2 (DHHTHI W,) ZHEES
522 T, BADDRVEBRLERTBESAIREL 725, 207, HPSS BMRET 2 L5 4 E
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BETNODH Y, BRERMFOTTER T ICIHEAELHZ L EX 5.

Z TR T, H—F v 2L HPSS L #IRE BSS OME7 V) AL .2RETE. 5
EHRET 27U XLIZBWVWTH, IVA R ILRMA Y[R U BIRESRF T TEM DB «
WREWET 2B TH 270, THEHOEARR/NRICHZZ 2N TES. B
7o) X aE, TEFMBSS OEEE A~ 2 7 B (Algorithm 2 128 3~ 2 7 B M)
2, HERDHF—F v 2L HPSS » HEM LKA EB~ 2 7 2 FHEF L LTHWS.
%72 TFMBSS D& K18, RREEIEE~ 22 M 1Z HPSS I k> TEH XN 2720, KIEH
EMEGRIGCUTHERETLVOREELZ FREXE 3. X518, ZOBRNBRYRAZERICE S
TLTY) ZLDAREZIZRBT 2720, ALA—I Vv PERZERETE. CORL—Y U7k
WD, SREHERENTE, DHEROMEREL M EIE 3. K, B—F v 3L
HPSS T®» % MHPSS Xi& OHPSS O\ id 2 &R U TR B~ X 7 24K L, Th
ZH TFMBSS WCIER L7727 v 3 ) X A DFEEBRR 3.

33 BET7ILIVILOBE

RBETZ 71V X2aD70y Z7K% Fig. 3.2 \ORT. £7F, BAIESIX STFT TARY
Fa 2o MBS 3. K2, TFMBSS (Algorithm 2) &> T, IVA % ILRMA ¥ [
WCHRRIE I ZE Bt 7 4 V2 (DBETH W;) 2HEE T 2. 2D, W STFT (inverse STFT:
ISTFT) 12k o T, BN -REEES2ES. BE 713V X AT, Algorithm 2 @ 4
THT, <R 7B M & LTHPSS ZfHWw3. HPSS #HWaEE, 2.5 fiio OHPSS XX
MHPSS OW N2 EIR L CHAS 2729, SBE7 13V X%, #IRT 2 HPSS I U T
2O0DNYT—>arEFOZILICRkS.

3.3.1 HigNIE

TFMBSS O & KEIWCBWVWT, A1z % HPSS DA NIWCHEH LB ICT %729,
generateMask(:) Wi TROME T, AN R2HPHZEKz € C* 13 Zy e CY &
Zp € CIichtlxhn, Zg RS, Zp PITREDICHY T 5. ZoENTFICERK
OEERTH D, MOBMEIVLEIC Y LV, SREICBWVT, 2 DEFIIHIC Zy 12E
hYToHh, BOD¥ENI Zp iKEHIDHETHNS.

RBE7 LY XL T, TFMBSS O&KEICBII2 Zy R Zp DAT — LOHENT &
ZW. ZhUE, IVA & ILRMA e[RRI, DBETH W, DR 7 —ARNETH D, RIEHERT
DIBITINC X > TIEON D Zy KU Zp ODREEE i BORA T — VP EE R r—L ko
TLES ZICERT 2. o, Zy RO Zp # A1 LTHW2 HPSS O BERE
WHEBPBZ 570, A7 —VOEEFILERNARTHS. TOMRRE LT, 7RV 27 a
YNy 71K [50, 51) ZEAL, BREBED Zy R Zp DR —IVEEETS. 512, 20
2 — AREBEE, SHEHTE W, ot %IcR (2.9) TRLA B DHHES yi; I L THH
BTH2. DHES y; b, BB BB —LTHRONZ D, TDOFE ISTFT
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Fig. 3.1. Spectrograms of (a) oracle harmonic and percussive sources, (b) estimated har-
monic and percussive sources obtained by OHPSS, and (c) estimated harmonic
and percussive sources obtained by OHPSS.

19
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g
S EEE | — & \P\I\H\L
— i [Za] | — |HPSS| 1+ ™ \
e — 4 [H] —
Temporal TLLH
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Ch1
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Fig. 3.2. Block diagram of proposed method.

ZiA L TRFESICER LG8, ELOLWSHES SR, ZofRKe LT, [H
BRICTBY 27 arNy VIEREAT L. KX T, TPz aryNy 7K ONT
TEHES yi; EMOTHIT S, 22T, yj,, 2RO LS5 THEKT 2.

yijn =

(3.1)

BB, yi, 3y On BEHOERDAZKL, fite 0 v LIBiESTHS. Tuvzra
YAy 7T, R (3.1) ODBEEEICN LT, HEFEODEEITH W, 075 W, 2R
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DEIITHEHT 3.

Yijn1

| YijnM |

ZZT, BONMEE Jijnm EmBEBHOA 70 R THAIE AR —LicEDE 0 F
HOTBEHESTH2. X (3.2) TREINZTRI 272 ary Ny ZIRIIED, X’b‘wﬂ/%él—l
BECEDE DG Jijnm DIFONS. FHIARYTOTOY 27> ar Ny ZiEZ
W1HBHORA 7 ukyTHAISNA T —NZEDEREEEZHITE2Z T 5. EU‘E
K (3.2) D Gijm1 DAZTOY =27 a Ny ZEOHNE LTHWS. DEDOIHTIE, AL
z PO M ETONIEZNEEE > TiAR 3.

3.3.2 OHPSS EFILICH T B DEkHETE

AITEORTLE 2L 7-FEER Zy ¥ Zp ThZIC LT, Fig. 32 TR T &£ 51T,
f@HIc HPSS %3 § 5. #fH3 % HPSS 1&, OHPSS ¥ MHPSS DWW hhd 538R L
BH S 5. OHPSS £ AT 2454, RAREE (IB| € RYY) L#MMESRUITERES
QHHPuﬂw”)m Zy & Zp OWFhA»rEZAWTOtEns. Zy OHE, UTO
EOo Wb 5.

|B|* = |Zyl* (33)
1

H[ =5 |Zn[* (34)
1

P =5 |1Zul* (3.5)

%@%,OE%S@&@%%?»ﬁUXAKﬁW,ﬁ@&ﬁ@l@@%%ﬁ%ZHwﬁbﬁ
LEMT2 28T, Zy OB RCTABR T BEONS. BohkES2, BAF ()
%ﬁmf,HH&UPHtﬁé.Hﬁ@ﬁ&f,pr%é%uTwiiwm%méha

|B|* = |Zp|* (3.6)
1

H[* =5 |Zp[ (3.7)
1

P =5 1Zp[f (3:8)

ZzLT, f@l@(zw)@ﬁﬁﬁ%zpkﬁb L#EHT 2 22T, Zp OIS N OH
BERAPELNG. FHLL, F()p ZHWT, Hp XU Pp 25 %. #£-T, OHPSS
Z2MFETTBILICED, 2@@%@%«7 rmrsa ((Hyl,|Py|) BE (Hp|,|Pp))
NEHN5.
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3.3.3 MHPSS EFILICE T B DEkHETE
MHPSS ##H 3 2154, BHEIES B 2 To0 X 5 i3 3.
|B| = |Znl (3.9)

ZD%, Zg 1AL TK (2.18) D ZEH T 2 Z & T, #MEND Hy NOITER DY Py %
B%. AR Zp ZRWVT, MTO XS ROHILELTS.

|B| = |Zp| (3.10)
ZD%, Zy WML TK (2.19) DN ZEH T 2 Z & T, D Hp ROITTEE D Pp 215

%. fE->T, MHPSS % 20194735 2 v ick D, 2#DIRIER <2 ru 254 ((Hyl,|Py))
RO (|Hp|,|Pp|) »ES02.

3.3.4 KREEEM<T RV DER

332 Hik 7213 333 BT/ o nk{EE (Hyl| |Pu) & & (Hp||Pp) ¥,
generateMask(-) O M A XM [0, 1] OMEAD &2 K EEE~ X 7 ThiThidi s
. ARFWL T, HPSS OfERICESWT, MTO XS5~ A 7 My MU Mp [23] ZHEE
T 5.

|Hp |?
= - 11
Mt = T 4 [Pal? (3.11)
| Pp|?
= —_ - 3.12
M = THp 2+ [Pp P (3.12)

22T, R (3.11) UK (3.12) BIF 2RI ETOEEHITONE. ThoDvR 7T,
KT ZHFRL T, T CIHTEE T ZRFAT 2D THS. TD®, 212, LD
DEEBTREDPEVIBERB M ICk-oTEZ 5N 2. TFMBSS & Z0EHICHE->T, o
BT s L REEH TS, ZOK;, Algorithm 2 D 5fTHD LS, ZhoD~v A7 % 7z € C2V
WHEAT 2729, v227 Mg € [0,1]7%7 Rtk Mp € [0,1)1*) Z@E#ELTRZ M fbL,
Me[0,11?2 24EKT 5. Z LT, generateMask(:) »»5HHHTXN 3.

N5 3.32334HDRT v FITEoT, M 2T % generateMask(-) HEHRINS.
Z DR, ERR S BB~ A7 M OF5EIE HPSS VIE L < THET Z 720 ITRFL T
W22, HPSS TIREEZELL HHECERVWEELTFET 2. ZORHEBEB~RAZ MO
K 1Z TFMBSS O&EWICHEL 5 X2 2720, RETHHAT 2 A L—Y > 27k (Fig. 3.2 D
smoothing block) Z#Z 3 5.
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34 RRUVDAL—D VY

TFMBSS i8I 2~ A 7ABBEBUIEETHY, ZOEHED,S, Lido HPSS iIc&ED
AR VERBEBOBERLERLTVWS. L2L, ¥YOXI R~ A7 ERBEHBTDHEHENL
TFMBSS 7 V3V XABNBHN2RTIERL, REDPOEHATH 2~ R 7 EBBEBD AD,
HREORWZ LIV XL %2522 2P TE 5. T, TFMBSS EEXI#ETHEEZ X — X
WCLTWa7w, »2REEFICBNT, EFROREBEIERAIORE)? SEHBEICIHZ %
Aife LCWa. 207, TFMBSS i3, RIEMBOIRENKRE ST 2 e ZELHRD
BEDTERVWEEND L. BET VIV XAIE, KIEEIC HPSS TR 7 M OFEBHREZITS
s, AT MMWBKIECE#TZ. £oT, IBEZLITY XX, ERLORHRICKT
Tt LTORERICRIITLES.

OB T 27012, BEZ LT AALATIRRAZE2ERT 312, 1 REM O~ X
e DFRICEITI ALY Y FHERIRET 2. ZORFICKD, KEMOYRAZ7DOKERE
bz} 2 Z 2T TFMBSS ORBELEZZEZES. TOYRI DAL= ¥ ZUHIFRAT
zIhs.

M = MP @& MPoid, (3.13)

22T, M3l RIEHIORBEEER~AZTHB. MATBRE Boq EAL—I Y7 RS
A—=RTHD, B+Paa=18TF3. foq ZHEMEEZ LT, 1 RIEATOREERE~ R 2
M DHBENEL 52720, AL—I Y THENTHEAEINS. =1 (Boa = 0) OHEIFA
A=YV RBERALRONILLAETHZ. BETLITY XLDHE, LELORL—-Y VT
F, UMTO LS My & Mp IZHIICEHAXNS.

My = M5, & M, (3.14)
Mp = M5 o Mo, (3.15)

INHEDRAL—Y 7R, X (3.11) KUK (3.12) KX 2R VEHBEODBERICETINS.
BEMEHEBIEIR LIV TR T A= BR fog KEKFT 2 ML —FA 7DOBRICH 272
B, TR = XD RS DTBEEREAN DB OWTIE 4.5 BiCilam 3 5.

BB, TORL—Y Y I7EOBEAARESEE, RHXOEBEZ LT ZLZRLNE DT
13724, TFMBSS 125 503 BSS 7TV R AR KENZBZ I ENTES. fto
T, BHCXERTIREINTWS TFMBSS W2 713V X 4 [22, 23] RUSHIERIND
TFMBSS Z W=7 13V A LICHERAERRT e PRI 5.

36 REDFC®

AETIE, EROE—F v 2L HPSS EFOFEHREFHRET L L, BRE BSS TH 2
TFMBSS 12 X 25 D2 dHASHE 7Y X ARIBRL, AT v TSR L
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2. SHREBEZLTY ZLIZEBWT, NEEHEDORBEIIN T 2REE LTRAL-Y Y 7L
HEPRBRLUMH L. RETE, TORBE7 LTV XLD)RT X — ZRE R OE A2 iR
%72 DIEROEBRETVEET 5.
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METIRBE L7102 ) XA0EMANERBRVICHEST 2. HRESEZMEST T8 %I
DHEET 2 X O RBESHMER LTV, MREFHEEIT o2, 42 8T, AEBRICBI 2 ERSE
HrEFEACER 3 5. 4.3 fiiTi, OHPSS O KERIECH T 2 DEEMREOEL 2R L, 4.4
H#iTld, MHPSS @7 4 V&% 4 ZZit§ 2 e 2L 2R L, 4.5 BT, RA—
Py IEOE AN L ERIVICRT. 4.6 BTk, MHPSS 120 { FEE AR~ R 7 Z AW
7= TFMBSS (MHPSS £51) &, OHPSS <5 < KA~ 2 7 % /- TEMBSS
(OHPSS E7 /L) OMRELLE Z1T\V, 4.7 HiTlX, BEHFOBIRE BSS 7D HPSS L 8%
TLTY X LOWEELBERITS. 48T, AEDOZ L DEBNS,

4.2 SRERSZMH

BEZTNDY XLDEMERHERT 272012, EREBEFD R I 2hlWoRESE (K&
HDZDMDOEIR (other) ICF%E) OBERDBEEREIT 572, AEETIX, SiSEC2016 [52]
® DSD100 ¥ —%& v b &AL, DSDI00E L —=>2€y b (Dev) ¥ TR+t v
b (Test) D 2O0DF =Xty FHBFEELL 50 HIDIERI TS, SHdkA R A XA L
DT INTED, K= LEJR (vocals), XR—AEJR (bass), F7LHEE (drums),
ROZ oo HEJ (other) EHEWH BRI N T VWS, 22T, ZOMDEE (other) &, #
MRas EAE MOWCRBR Y OER L RBORAEETHD, ZOMBIEREHICKT
32%. DSD100 D7 A bty hOHTT LT 7 Xy METHRZEEFEDL» S 3~6, 8, 11, 13~
19, 36 ZEHDE 14 8, DSDI00 D L —=> 7ty bDRTT LT 7Ry METIHERF
e 1, 3, 9, 15, 23, 27 FHODXEM 6 fiD F 7 235K (drums) & Z DD EJE (other)
BN, ThZh Song 78— 1~14 Fr 15~20 128 H BCT7-. EEDOHEMEX, BihaH
WITBE L FAREDL AT VY ARLFEL TV XIES Y R I AR ETIERL —EBNR RS
LEDPEIDTHD. TNH6DKTIA4 Y —R%, Fig. 4.1 ZEEHD~ A 7 1k VEfE5.66 cm
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Impulse response E2A
(reverberation time: 300 ms)

TR
Source 1 .-~ .. . Source 2
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Fig. 4.1. Source and microphone arrangements to produce mixture signals used in exper-

iment. These impulse responses are included as E2A in RWCP dataset.

Table 4.1. Experimental conditions

Window function in STFT Hann window
Window length in STFT 128 ms
Shift length in STFT 64 ms
Parameters in OHPSS rp =102, rp = 1.01
Parameters in TFMBSS a =025
M1 = U2 = 1.0
Number of iterations in TFMBSS 500

RO~ A 7arrzpl Lz$E 2m o ETHEFEAAL 50°&130° D RWCP 7 — & X — 2
[53] gk E2A 4 > L R EE (FREER 300 ms) THEARAA, £F ¥ rUVEGESZIERL .
Z DD EERZEMFIE Table 4.1 1R, FHEFEFICEESNEAL (source-to-distortion ratio:
SDR) [54] DEEZ W=,

4.3 OHPSS ORERIRICEH T B3R EDIRE

OHPSS ZHW/HRE 7 L3V XA TIE, TFMBSS % 1 BIKET 2812, EEDEEKT
OHPSS O FEH R (2.14)(2.15) ZREFHHEL T3, LT, OHPSS O KEEBUIIRE 7
NI X LNDTHEMREICHE L 52 5 Z RN o TWE. 22T, OHPSS Ox1E
E# 22X E 5 22k 3 SDRUEBDELEFEL 72

RBRE7NVTV X LIBT3 42 20 IO SDR i & % Table 4.2 IORT. 22T, RIZB
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Fig. 4.2. Average SDR improvements of OHPSS-based proposed method with various

numbers of iterations in OHPSS.

FEMFEDRAL =T YT NRFIRA—=RIF Pog =075 KU f=025THhH, ZUI7ray
R LDRENEL THEEREDO NS VAR RVWEHEMBTH 2 (REIOEFRERICHE ). OHPSS
DRIEHEFN (2.14)(2.15) 1. FFRDETH 23 (2.11) KZ20ECERT 2 728, OHPSS
DRAEEED 15 HEL EDBE, IBE7 LY XLAOWEEREMT 2 EX 6N 3. ED
KEETIE, ZoRRICHIE, HET LY X LIBT3 HPSS O KIERIEZE 15 [0 ¥ %
T5.

44 MHPSS 7«1 L2414 XICHITBEEDIREE

MHPSS Z HWARE 7 LT Y XL TIE, ATAT YT ANRDY AL X 2D+ 1 ZFELT
DOHEEERITD. ZOLEDT A NRY A XEEIEEZLICL5 SDRAEEDOE(EH
#HL7.

RBR7 LTV XLITBT 2% 20 HOFH SDR EE % Fig. 4.3 1TR”3. 22T, %%7
NV ZLIZBNWT, EXRTTHAD 7 4 VX DRERT A ZIHIFFE LW I & BNEERIIC
f%fmé.%@tm,ﬁﬁﬁﬁa%&ﬁﬁﬁ@74w&%%xmm—k@ibt.m&tﬁ
UK, REBRICBIBZ AL =YY 7T X —=&IZ Bog =0.75 KU =025TH3. Fig. 4.3
DIEREID, REBEETIE, 740X 419 SAHARBETH 2 Z e PRI N R
DW=V TNTGRA—REEB LR, REREIENEET 22 & b EBRANICHEEL TV 252,
BBEXZ 1 FABOETH 7. DIEOFEFRTIE, ZomRICESE, RET LIV XA
B4 VR THA X% 19 RERET 5.
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Fig. 4.3. Average SDR improvements of MHPSS-based proposed method with various
filter sizes in MHPSS.

1 3 5 7 9

45 RRAIVDAL—=S2TICHTRIEEDREE

AREITE, 3AMTRRBLERL =Y Y EOEAEEMRIET 2. X (3.15) @ Bog KT B
DAEEZIHED, MHPSS €7 LICHI1T % SDR ®HERDINHES D —F% Fig. 4.4 1R
L, ZofthoREics i 2 IEREE Ik A IRT. %72, OHPSS £ 7L DOILHZEH D —fF)
% Fig. 4.5 1R L, ZOMOEEHICHE T 2ICREENIMR B ITRT. 22T, =1-Boa
THY, Boa=0DBRAL=I Y TEEZHVRVIGEED 7 LIV XLHET S, #E»5, R
A=YV TRIZEoTC, BE7 LY XLDIURBEEHZHH L 2ICKENMTETWS Z & DR
TZ2. 2512, YEHDFRETNVICEDSIERET NI AL EESINTVE D, R
L=V Y ERHERETNCELSL T, REMERETLLEX 3.

Figs. 4.4 RO 4.5 2 oMRTE 28, REM L INROEI R OPGRMEIE b L — K4+ 7
DERICH D, EoT, RLA—Y Y RIREM L5 EHZIT, AR OB 7 BEMERE
ZETIETVWREEZLNS. BET7 ATV ALICBIT 54 20 10T SDR XEE %,
Tables 4.2 MU 4.31TRT. ZHLDELD, RA—Y U ZERBNCEN LGS, HEY
NI XLEEEPR T T 228 0bhb. koT, BET LIV IXLIZBIFZ B KL Bog D
SR, IOREE ZEMED L —FAT7Z2ERLT, Loa =0.75 R 3 =0.25 MRy 5 2
5. TheEER, DIBETOERTIE Boq = 0.75 XU 8 =0.25 ZHHT 5.
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Fig. 4.4. Example of convergence behaviors of OHPSS-based proposed method with var-
ious Bolq and B (song no. 1).

Table 4.2. Average SDR improvements of proposed method with various smoothing pa-

rameters 8 and Boiq

B Bola  Average SDR improvement [dB]
1 0 8.21
0.5 0.5 9.90
0.25 0.75 11.12
0.125 0.875 10.96
0.0625 0.9375 10.67

4.6 OHPSS £7JL& MHPSS £ET7I)LD4EELLEREER

AREITIE, OHPSS E7 /L2 MHPSS £ 7 LOMRELLE 21T 5. Fig. 4.6 1%, sHEICELR
FBREIC 32, 7—&2ty b 20 12 TDFE SDRXEBEOHBKTHSZ. 22T, KH
DE~—H =13 TFMBSS D& REFEHHIKET LRROZERETH 2. ML, &v—0—
DR 1 KIEEFNCE T 2RSS T 5. ZOfER LD, OHPSS £7vid 1 KIEEHIT
DICREEE WA, 1 KIEEHMCE T 2REIERVWZ e PRI, LT, MHPSS €5
W, 1 RIEEFHTOINREIHER WSS, 1 REEFCET 2EHHIEE . Lo TRIUITB LT,
EHELDETASRBEERDIGS. I DORHEIX, MHPSS 238IC7 4 V2 %S 2 Fik
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Fig. 4.5. Example of convergence behaviors of MHPSS-based proposed method with var-
ious Bolq and B (song no. 1).

Table 4.3. Average SDR improvements of proposed method with various smoothing pa-

rameters 8 and Boiq

B Bola  Average SDR improvement [dB]
1 0 11.21
0.5 0.5 11.44
0.25 0.75 11.77
0.125 0.875 11.49
0.0625 0.9375 10.76

THH2DIZHL, OHPSS REMHEFETH 2 I L ITER T2 ERTE 3. FHER e
IZOWTIE, MHPSS EF LD REN TV .

4.7 MORERFEL DIERELLBIRER

RETNLVITVZLOEMUEZHERT 27012, B—F v 2L OHPSS, BE—F v %L
MHPSS, %7 v %/ HPSS, #iBhB%0E IVA, ILRMA, OHPSS £ 7Lk TFMBSS,
KX MHPSS €7V IcED < TFMBSS @ 7 EOFETHEZHEK LK. 22T, 2F %
2L HPSS [46] Tl&, Table 4.4 IZFL#D 2 EHOEMFED T X —&  (params. in [46] KU
fine-tuned params.) Z{#HHA L7z, B—F ¥ /)L OHPSS, H—F v /)L MHPSS, BRIk
EIVA, ILRMA, MUOEZR71L3Y X AT, Hann window ZFHWTE D, BEKUIY 7
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Fig. 4.6. Average convergence behaviors of SDR improvements for OHPSS-based and
MHPSS-based proposed methods in terms of elapsed time.

FRIEZHNZHN 128ms, 64ms TH 3. ZDOMDLEM% Table 4.4 ICF#EH T 3.

PEkD BSS & MHRELLIICEIT 5 20 BT D SDR % Fig. 4.7 1ORT. FREICEIF 2
SDR HEE 8% CICRT. X512, 20 i TIcBIT2 SDRUEEDRy 7270y b %2
Fig. 4.8 1R 7. BB 713V X4, [ FEFE2TORMICBWTHERTEE EM->TED, A
LR TE S, Ky 727y kD, OHPSS EFATIE, 7BEEREDFHMEIXE L
PRAEIZEN 28, OHPSS 237 HEZ 1SR L T 2 I Z VSN 2 D EEEREI RV e BETE
3. XL T MHPSS E7 L TlE, HREFE FEEIEE VD, MHPSS 272 GE L 5
BHNI D RO R BRI S W BRTE 2. ko T, YE50FRETAMICHE
HHBEERS.

48 XEDFC®

RETIE, IBETLIV ZLDENRT X —ROBF R OCHEEFEFEL O ET-72. &
WNT R —ZI BT 2B X o THETFENT 22, Zzazh, OHPSS o KIEEEIZ 15
[, MHPSS @7 4 L &H A4 X319, METAHICRAL =TV IR F X —&1F Bog = 0.75 K&
KB =025 kol MHeELETIE, BIFOHE—F ¥ 1)L HPSS K UEIRE BSS 12T
MEEZ LA 2R o7 HET LTV LR, FHEE LIRS ODEICB VT2 M
MExED7H L2 WVWR 3. RETE, ReUCBI2MiEr LciimzidNs.
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Table 4.4. Conditions for other HPSS and BSS algorithms

Parameters for multichanne]l 125 18 Hann window with 1/2 shift

HPSS described in [46] ap=ap=10, mp=mp=>5

Y1 = 057 Y2 = 1
16 ms Hann window with 1/2 shift

Fine-tuned parameters

for multichannel HPSS ap=0p=>5, mp=mp=10

N=72=1
Number of bases in ILRMA 10 for each source
20 for single-channel HPSS
15 for multichannel HPSS
30 for AuxIVA
100 for ILRMA

Number of iterations

12
—
m 10
©
d
e
C 8
£
6
o
3
= 4
Qo
x 2
o) [
» O TR
-2
Single- Single- Multichannel Multichannel A x1vA ILRMA OHPSS- MHPSS-
channel channel HPSS w/ HPSS w/ based based
OHPSS MHPSS params. In fine-tuned proposed proposed
[46] params. method method

Fig. 4.7. SDR improvements of ILRMA, IVA, conventional HPSS, and pro-posed methods

(Average of all songs).
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Single- Single-  Multichannel Multichannel  a xjvA ILRMA OHPSS- MHPSS-
channel channel HPSS w/ HPSS w/ based based
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. 4.8. Box plots of SDR improvements for 20 songs in each method. In each method,
the blue box shows the range of 25—75 percentiles, red horizontal line in each
box shows a median value, and the red cross mark shows outliers.
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RELTIE, AT LTEEORE B B U, FBEITERE €7 ICE-D R A
<~ A7 % TFMBSS IZIEH L2 HEDEE7 L3 X L2 H72CBRE L. 72, TFMBSS ©
RE(LEREXE 201, RBEBER~ZA DA L—Y v Z7EDEA L. EBRICKD, £
RT7NVTVZLZBI2EBD NI A =R LT, RBERNATA—EZZER L. 61T,
RETNVTY XLORLERICET 28z, #HEDICREFOLE L HHEED L — K4
TEERBLEEYUR foq REBICESTRALA—Y VT2 I TRIRTE 22 L b ERIIC
KLz, ZLTC, BE7LTY XA, ko HPSS RUBHFOERE BSS L L CHHE
DA L7 Z e ZERINTRL, BET VIV XLOFRAEZHO2E L.

RRICSEDORELEZARNS. & MHPSS £ 7V Kk OHPSS €7 1% HWi=ilikE &
RSO DEEEMRY LD, BB L7 TFMBSS I X 28IEDBET L2V ZARZA L —D ¥
ZHE, HOEFESHTFIRCHHEADARETH 2. XoT, XIHEL OFBEOMKEITES T
TNAEERT2ZET, XDRVHEAKEF LIIBFICBI2FRETLVOERBREEZINL L
PHIHFT 2. AT, DEESFEEDEEC ) 4 XBRERY, BloBNEE - -FEIEEFIEIC
LEHANFIRETH 27D ZNLDTHEANDICHDIFTES. 71TV XLDOHRIZE ST
&, BT v A OZNZNCHIOERETNVICEDS YRR BT 2L bARETH D &
EZohdl0, ZORBE7 LTV XLIEEREHEORMPKRELBINTVS.
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REwZ, FEEFEMAREFR LA EICTITONLIFRICESC DT
T.OXT, AMEEREDZICHED, TZTOL AR IIREL FXVE LIEEHED
U RHIEEATIC O & D RS U B 3. AU RIS, RFRDEICE T 2 B LA
o SIFTICE T 2R Y, MEICO 2 E TCTHICIIHHEWEEZXE L. 203
FER WO T, HRAL LToO—RNRILEIEE, BRERR ¥, XEOHERFIT
RHADAT Y 2 —VEHAERY, Z2UFNIEEZODPRWVIErOEER2THEZ L. 5T
i, MHRBREEZINZAD EIENIAD LS BRELZRIT e EELTVWET. INEFTERY
WKhHHAr > VE L.

REMOEIE T B 24 EE— BT R ORI, SR ORIt Icl L TKRES
WS RTEE, KEBMEFICKD LA ZZICESCELBEL BT, BRgEHK¥O%LH
TG TAEAIICIE, HERZE L I — 7 4 ¥ VR OFHSURAIT OMh 72556, 2RO D
CHERETEEELL., DEIDEEHHBL EITET.

ML R RO S EHERRIE, REEDL— FXA—h—t LTHEE2H 2 L TR,
ARLSLTVERFEED Z L T LIV E L. oAb WEZHICE, HZA»6%
(DA VAL —Yay2HE, BEEOIMERTERLEE U TVWET. WNFEEFEORE
BEAREZ, HEOAFEHIIBWT, SHOBICEFEVY K- F2EE, WObH7OLOD
FTREROTKEIVELE. BEDPSDBAD TZE,H D o1200 22 2 TR W
ETEZT. AUNAERFAMHOEIRMEFARICE, HED & BN E ORI TFICBIT 2 —
AR OMEILICZ D7 KA AZTEEE L7z, HIZ, FEERICBI 22 Eo7k7Y
A VEPHEICBIEY 7 V2 7REDOSEL LTEZL DY M2 HEIPOTHEE L. £
7o, HEZOHKEICE, BEIPOLHIZE LU THERLSHRAEEL2EZ Z P TEZ L.
MAT, BREDEFR—2ayOEIKEEFREINZZLHZL, APDOHI ADHKD 3K
HBEZRDTVWEDPRODETEVWIERRBTEZE L. Zoflicd, TTHFEER Y N—DIl
HIEFERD 51, HAKEROBICIGROZETHEFRZMH L TV RY, ZLDREX Y
N—ICHEENZEEERLTVET.

RRICZD FTH, BECES FTROREEELSHRNICE X, B2 AFoTTE o7
HHICIEEHORCEZEVA. BTBEBHOHFRAETE L, BREEOXZNDoTI 2L
ERELTWVWET. SETHAZXZA TP o8, INETRYBIIHDIDRE S TX0E
L7.
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Fig. B.19. Example of convergence behaviors of the MHPSS-based proposed method with

various Bo1a and 8 (song no. 20).
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Fig. C.1. Example of SDR improvements of ILRMA, AuxIVA, conventional HPSS, and
proposed methods (song no. 1).
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Fig. C.2. Example of SDR improvements of ILRMA, AuxIVA, conventional HPSS, and

proposed methods (song no. 2).
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Fig. C.3. Example of SDR improvements of ILRMA, AuxIVA, conventional HPSS, and
proposed methods (song no. 3).
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Fig. C.4. Example of SDR improvements of ILRMA, AuxIVA, conventional HPSS, and
proposed methods (song no. 4).
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Fig. C.5. Example of SDR improvements of ILRMA, AuxIVA, conventional HPSS, and

proposed methods (song no. 5).
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Fig. C.6. Example of SDR improvements of ILRMA, AuxIVA, conventional HPSS, and

proposed methods (song no. 6).
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Fig. C.7. Example of SDR improvements of ILRMA, AuxIVA, conventional HPSS, and
proposed methods (song no. 7).
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Fig. C.8. Example of SDR improvements of ILRMA, AuxIVA, conventional HPSS, and
proposed methods (song no. 8).
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Single- Single- Multichannel  Multichannel AuxIVA ILRMA OHPSS- MHPSS-
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Fig. C.9. Example of SDR improvements of ILRMA, AuxIVA, conventional HPSS, and
proposed methods (song no. 9).

12
m 10
©
Red
)
C 8
£
6
o
3
S 4
Qo
x
Q
w 0 -
Single- Single- Multichannel  Multichannel AuxIVA ILRMA OHPSS- MHPSS-
channel channel HPSS w/ HPSS w/ based based
OHPSS MHPSS params. In fine-tuned proposed proposed
[46] params. method method

Fig. C.10. Example of SDR improvements of ILRMA, AuxIVA, conventional HPSS, and
proposed methods (song no. 10).
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Fig. C.11. Example of SDR improvements of ILRMA, AuxIVA, conventional HPSS, and
proposed methods (song no. 11).
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Fig. C.12. Example of SDR improvements of ILRMA, AuxIVA, conventional HPSS, and
proposed methods (song no. 12).
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Single- Single- Multichannel Multichannel AuxIVA ILRMA OHPSS- MHPSS-

channel channel HPSS w/ HPSS w/ based based

OHPSS MHPSS params. In fine-tuned proposed proposed
[46] params. method method

. C.13. Example of SDR improvements of ILRMA, AuxIVA, conventional HPSS, and
proposed methods (song no. 13).
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. C.14. Example of SDR improvements of ILRMA, AuxIVA, conventional HPSS, and
proposed methods (song no. 14).
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Fig. C.15. Example of SDR improvements of ILRMA, AuxIVA, conventional HPSS, and
proposed methods (song no. 15).
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Fig. C.16. Example of SDR improvements of ILRMA, AuxIVA, conventional HPSS, and
proposed methods (song no. 16).
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Single- Single- Multichannel  Multichannel AuxIVA ILRMA OHPSS- MHPSS-
channel channel HPSS w/ HPSS w/ based based
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[46] params. method method

Fig. C.17. Example of SDR improvements of ILRMA, AuxIVA, conventional HPSS, and
proposed methods (song no. 17).
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Fig. C.18. Example of SDR improvements of ILRMA, AuxIVA, conventional HPSS, and
proposed methods (song no. 18).
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Single- Single- Multichannel  Multichannel AuxIVA ILRMA OHPSS- MHPSS-
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Fig. C.19. Example of SDR improvements of ILRMA, AuxIVA, conventional HPSS, and
proposed methods (song no. 19).
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Fig. C.20. Example of SDR improvements of ILRMA, AuxIVA, conventional HPSS, and
proposed methods (song no. 20).




