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IEEE Signal Processing Society (2014.9)

B A branch of electrical engineering which pulls meaning from the
broad sources of data all around us
O Tube B

oJ14>

=

A branch of electrical engmeermg which
pulls meaning ‘4 a

What is Signal Processing? ROHE Enns: 0 @@

E = - fiegaf:::gocessmg and Machine
CEEEEE] REEE1EN 33,244 [B] | STGNAL PROCESSTNG N
= ' 5 MACHINE LEARNING 288

https://www.youtube.com/watch?v—R9OC|oncJU
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B A simplified description, especially a mathematical one, of a system or
process, to assist calculations and predictions.

Definition of model in English:

model © Q00

NOUN

3 Asimplified description, especially a mathematical one, of a system or process, to assist
calculations and predictions.

‘a statistical model used for predicting the survival rates of endangered species’

+ More example sentences + Synonyms

https://en.oxforddictionaries.com/definition/model




REESILZANSD

HDPDIRRK(IIFE(CEHTEHL L
Al 1 m3DEADE TTHHFEDERKDFOER (TIKOBEME)
| RS FOMBEZIEHT S DIC100000000000000TBDREEEN N E

RKZEHRHBATRALVLLEEONEST IV
uHFOY—ILIMER D KD (CEHFEDRWERMEZ I35
= ZERDF(IBERY IR RICMED TED LD (CEZEHGREETRD
BEXCVWCTENMRBETETCLNUEIZNTERL
= [ETI)LOIEMHE] & FHEOFEEPI =] (F—MIC L —RAT
B ETILEREEDREZTETIVERE IR
= TODETIIEEETIL

EFIVIEREED> TTHZDA




RAQIBRETIVHMFE

{AZRHICESTIVIET S H

B [ UIRREERDIEROTEST )L TERIROJEE
= E5YIE(C &> TEHIEDEWETIL &3 [h ?

&l : ¥EEIL
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X = (21,...,TN) 0 = g(x)
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EFIUELIEHE

1 DOMRIIEED (CEETIVIETES

B 1 BEOHR(CH U THEEBATEETIIIENS (2 TRESIL)
= EFTIULIC KD TRFR - BAADDHIND (FBE vs IRE & HY)
= EDETFIVDIREBERVWET IILODERMMESIEAFTO—RIE

HEDEMRETIVIER IR

B (FEAEDETIVIFINGA—FCL>THEML TSNS
= FT—INBI\SA—HZHET D & TUIRZEER

B )\SA—INRLNETIVISEMHRESTIL
= —HE(CETILIMEMIREFEEINS A—FDHTEDL L L)
= B(CETIVNEMITEZTDEETILRENAKSSRDAS



EFIUELIEHE

B dE3ETIIEIHRERIR TSR
B (S A— IR EHETE (S
= EFILEENAS TE D EHTE LI/ (S A — I EREBTA

EMIZTBDIETIIINEEZHULS TBET

B IREHROT -5 (IHIIEEHMRIEEZ LTS

= EBRDOFT—FLU L (CEMIGETILIINS A—FDEID 5 (CEENH D
= IR/ S A =T DEWTHTENREH (C/R D 2 SAFKERE]

SDo. . IDEFTIL, BHIE..?




EFIUELIEHE

COETILAFEVDIE [ ABIEZCARREICEDERV] >TSS

BERIC [BEMNICHDEDIETIL] ZIESRVLWEEEN(CFEVLHLSE

BHIZTDIETIIIIHEZH U THIET

m IHEHROT—S(IHIZEHMRMBET L TLD
= EROT—YLUEICTEMIRETILIZI/INSA—SFDED F ([CEEANSH D
= EEKIN/ NS A—SFDEVWTHTENREE(C/RD e SAFKER

SDo. . IDEFTIL, BHIE..?




—HRDNSA—TifERE 0

INS A=A DERBEDEZ < (IEEEEEICIRS

B ) (SA—SOREEETEHD IR NESEES LTI MRIME
— 2 MNERICYA F REDF TRALEEZ TEHEL

— R N C4(x) FESBIRCH T BIRETRES (CREERE)

Mi}r{fg}{lize Cq(x) R N EEERIER

Z< DESUETIIEFBOMZEIAMITS

B X MBI 2 IR DI TR SN S &N

— F—SOEABRCETZF—YE (JAXDEFIL) Da(x)
= WEBCHTBREE (KBRIEH) TASLEAMEE  R(x)

Miniergdlize Da(x) + AR(x)



R AEHER (MAP: Maximum A Posteriori)

N1 X (Bayes) DEHE

B ERERBERRIT —IZEBIL L TDIS A S DOMERZERIEL
= BREXFERNIFZMAMT S EERIN & SR EREEROE(C LB

fY|X(ya r)fx ()
f fY|X y,z) fx(z)dx

% < OMAPHERE (S IERIEAT S BB {ERRE(C
= O MO TENN B EANLT S BB LRI

Minimize ©q(x) + A R(x)
XEX

B BRERDRK{EZ —log TEX D & LEEDwIMEEIREIC RS
= KMATEZERE exp(—Da(x)), BRIERZERME exp(—AR(x))
= BEMHER(L exp(—Da(x)) exp(—AR(x)) (CHH (ChzsmAK1L)

fxy(z,y) = < fyix(y,z)fx(x)
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EfbEeNcREz ES5#EH

EED R < THRRTR T NIEEMEIR

B EEZEBVWZREREND [HESNIZ/INSA—-4 ]
= AEZEVE L CHEEMRITNEAEBESNEL
m EEOESI = (HHEE) (FEMEICKE KT
= R CEH#ZEMEWEERETMEOAI N TFFENDIHE

MmBE{bREE - IECERE{CRER
B E{LDORKRTHR T DEIE AR ITRVLEIENFT
= MRREEAL (RENCE) FBiTD, JEMARREE—AR(CERITIR
(FEBEORW—EDIEMRIREISEFRITD, BEBEERIRERE)
B FRITRWEE(XBEAEE (BETI3R0) THIET D LR
= MEBEDORV\EAEE TCHNUTUIBDOEIRT (IH-ERN



RS OB

e £ 3FEH
MESEE “MH" DIRVWES /’
\j ij ' J
BN NER H, BRESE CCH T
B CHATHDIENE, Vx,yel, Vael,1] (CHUATZEB/zI &
= HEESTHNIIBMAES (closed convex set) &I

ax+ (1 —a)yeC

OB E T ED S INOESTH SR

B S H —>RU{xc} DIEHST (epigraph)
epif ={(x,t) e H xR | f(x) <t}

B TEJSINZETRUVEMES THDIEEZ B EMF N
= E&HIE (effective domain) (& domf ={xeH | f(x) <0} &TD



T:ES: (lower semi-continuous)
m B f OLANIVES (level set)

leveof ={xeH| f(x) < a}

B LNLEEN Va e R ICDWTCHEESRSTHEHRE CHDIELD
= THERROBIRDESZ I'(H) TKI

T EGREOREBOES I'/(H)
mEEE S —c0 ¢ f(H) T domf # 0 IR5E (proper) &M
= MESNERSEOREE EMT5
B FEEGRENEHRDESZ I')(H) TKRT
= feTo(H) 25 fli, (&
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MeiE{EBIEE (convex optimization problem)

FMES ETOMRESEDR/IME
B BNES ¢ LT f € To(H) 2/IMEY ZRHERMEBIERE ST

sz J09

B 2 COHIKIIIBREIEN (indicator function) THIFIQXUICESTEED

. 0 eC
Minagize Jix) ielx) —elx) = { % (othorvise
M| ERIEED XIS R EFOFT
B lim) oo f(X) =00 ZiEET EE f ZBERN (coercive) MR
B CNndomf # @ THDT, C "ERFLE f HEENRSHERIIFRE
= MEELRIRER S 2T DR PRI XKI% e B



B CEIREDEES

(iR 52 TORFhEEIRILEREF

= BERE R DITEIC K > TAEREREESND

= BMOBFIRIEEE BV TRRERS 2 7ILT U X LH IR
= CAIEMEN S TEXSRBERICFIETES

= ORECRIEORESIINES (HETESLERS)

= WHORNSHNE, TOMOSEASSER (NESDTE

Bz FECHBIEN



AiglETFiE (gradient descent method)

M EIEE CHNIEBEZ TNIERL

B ELEAE <0 SEp Ty gt > 0 TUTERIE

1] = x[8 Ry £(xlM])

L) FidbsE T iEDUNR
B Vx,y € H [CHUTUTFZ®HmITT T %Z Lipschitz R CHDEED
= 3 %Z& T O Lipschitz BE &5

IT(x) =T(y)ll, < Blx =yl

B Qg Vf A B-Lipschitz @t &~ D
= BERTY IR p € (0,2/8) THRRE TEFHRESICEHINEERT D
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2 [Em D Al aeirm S

Lipschitz EEZ(C KD Hessian D L5}
m felo(H) D Hessian (FEEATHI TRODED EMSHETZ 5ND
= (8/2)|1x]|z — f(x) NNTHBZEEBH)RT B
V2f(x) < BI

2 REBUC KD EF

my FODD2IRD Taylor B
[~ F(3) + V() (x— ) + 5 (x —y) "V (y)(x ~ y)

B Hessian Z 3] CESHINIL 2 /REIMICKID LEFRICIED
= FROSIMEBRIDERFET 1 XA7vT x=y— (1/8)Vf(y)

F) < 1)+ V) (x—y) + D lx—yl}  Wxy € domy



2 fEmD Al aeirm S

Lipschitz EEZ(C KD Hessian D L5}
m felo(H) D Hessian (FEEATHI TRODED EMSHETZ 5ND
= (8/2)|1x]|z — f(x) NNTHBZEEBH)RT B

V2f(x) = BI
2/ REAEIC KB LR

DECE T EERASTYIME pe (0,2/8) TUINERITBDT

1/8<pu<2/8 OESFLERORNMNRZEDBET TN

B Hessian Z 3] CEZHAINIL 2 /XEE e e (VAN
= FROBIMEBRIAERET 1 XY x=y— (1/8)Vf(y)

[0 <) + Vi) (x—y)+ 2 [x—y[2  Vxy e domy



L) EohE T iEDIE =

BHIRRA T W I T2 B R U & Fal
B 7w JIEDEIRIC(IDIBCD Lipschitz EEHNHE
= TETHEHED Lipschitz iEHR CRVLWE RO AT WY I T&EIIEEZ RN
(BREBICSAY—FIBTETIRKRETEDZ E(ER]EE

MDTETRVNEHHBBDIEYVILY
B ARZETAREHICIEFRTD x € domf THATEETRFNIELFERL
= (HFICHEESMHEID) M TERUVRNHD D EIRAMRIE TS /A0
(S BIEE THNUILBLETEC KD THBEILT B &(L0]EE



ITIE{ERA3E (proximity operator)
m IR{EH y DiE< TR Z&/IME T DRERE
= f e lo(H) BRSm/IMEEIME— (y — prox,,(y) @E&HRELT—R)

. 1 2
pros,,(y) = argmin| f(x) + 5 [y — I3

gL (proximal point algorithm)
W OMEERARZE DR UERT D77 IUX A
= ulF >0 DSERURITNE (O, w* = co 1255) REACE)INR

xFH1l — prox,, i ¢(X)

B BB Lipschitz @EHtER EOARENAE, X7 v TROEBDISHER



TIE{EAZ & (& mED

WMABIEE THNIEDERZETDXLSRED
B NRRATY IRZZZINSDEETD 1 AF7v T E—5
= 2FEMPDAIEET Vi f(x) -0 DEEZ 41— 0T

prox, ;(x) = x — puV f(x) + o(u)

Taylor B CIEIESNIZEAE DD EBE T & —E
= LRz Y (x) = fy) + Vi) (x—y)
= RBEELR (VD (x)=Vily)) 2OTBRASH Lipschitz 5

ProxX () (x) =x — uV f(x)

m AfEckE T (& [BEEE 1 REUUU TH S FRARZEEZE R D] DE—H
B 2GRS Levenberg-Marquardt x — (V2 f(x) + (1/”)])_1 Vf(x)



Moreau-YoshidalERIl{t%Z UJ=BEE# DL EefE T

BNEHAFH (Infimal convolution)
mEE f,g € To(H) DEINEFAHH I T TERER SNDIAEE

fOg:H — [—0o0,0] =XHB}Q§{[f(Y)+9(X—y)]

m % f OMoreauL>ARO—2" (Moreau-YoshidalERI{E) *f

H(x) = (fD i” . ||§) (x) = inf [f()’) + ﬁ”x - Y\\g]

yEH

ITIE{EAZE(E Moreau TOARO—J DLRIE T 55

B Moreau T>NRO—TJd (BEOEMHAHEEK) BEAEOELZ=5X 3
= A ESNZEROAEFET 1 X5 w ThWTig/ERAR

prox,, ;(x) = x — uV("f) (x)
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HIERZEDREREUTDRA

FEEZ IV LMD EEREERXD
B 7)LTJUXLADRRATY T =BERERLEEERD
= WHEIEERR [ € To(H) OR/IMEIEEL T OB ERROISEIFRE

d
Ex(t) = -V f(x(t))

AfginaEit I ERBIEZ I TV LRSS
® Ji (forward) Euleri®  (x*TU —xf) /(A1) = -V f(x kl)
xFH = xk — (An) v F(x!*)

m %3 (backward) Euler & (X[kH] — X[k])/(At) = —Vf(X[kH])

xF p (ADV MY =xF = xR = (Td 4+ (Ah) v ) x(F



TiEREDAEHRE UTDRA

E(EP IV TV LEZEMDBEREEXD
B )L TVXLADERTY I =EMRECEEZRD
= WoalEerd f € Io(H) OFIMEIIML T OB ETROBRFER

HiiiZEUEtd 3 LREEZ IV TV LZED

" i EEERROES® (V/ OLYILARYR)
sSE SRR DRI SERE SIS LT3 &S

BBV IR DBEPE T (CEENRNTZENIREYETT I D\ EE

m B

xF p (ADV MY =xF = xR Zf(1d 4+ (An) v )T x(F




AEEH 2 I8 DIEE DL

M AIREIRIAM 2 DH B EE
= WAHTIRER f,g € Do(H) D f + g € Do(H) ZRIMET ZDBH

%x(t) = -V f(x(t)) — Vg(x(1))

RECRE LS STHREBUEI NS H
B [EHRREDS N —MRCEBREICTEZMHDOLYILAS NMIEE ?

= YEBFTEDEE (operator splitting) (CKDEMERAFT—LZEZXD
= f (CHIE (forward) , g (C#& (backward) % EIRF(CiE

(I = x) /(A) = ~9 £ (x) — Tg (1)

mERZRN f & g TENENDBUVEEHRAINESND
Id + (A)Vg) ' (Id — (AH)Vf) x*

a-l
_I_
=
—~




EIEAAEE (proximal gradient method)

Forward-backward splitting algorithm &6
nOrEERRZ LR TECHHAEDET f(x) +9(x) Z&/IME
= WELA 5w T % forward step, 1ITIEA/EFAZRZ backward step &IF/5

x 1 = prox . (x — pB1v f ()

u A)fC V[ 7 B-Lipschitz Eft & 3D
= BEXTYIMa p e (0,2/8) THBEARCESHRES(CESINERT D

FRlRES & UTHAtE PR ERZ=0
B g=1(c &ETDEHRBEEIC
= $87REAEID prox (FIEEEETEZ
BEC f=d5/2 ETDEXE 1) = P (P (x))
= THEIPBE(E 1p D Moreau T>ARO—

xlo+1] = P (x[M kg (k) )
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Moreau T>AO—2J [ED K DS HHEEID

MEZZE Th 5 BHAL K S R
B EHAHDELSITBESMCITDINENSD
= TTh'HODARBIEE/REEIZTHE Moreau TooAO—TJ (3D wI6E
= UNDBLELE (1/p) -Lipschitz i&ft (DFEDABCFETHYNRT D)

V(“f) = (1d — prox, ;) /p

B {EXHMBERREN |x| D Moreau T>RO—J(& huber B2
B 15RBIER Lc D Moreau T>ARO—TJ (FTDEESNDIEBEEEL d7 /2

4 \ \ \ \ \ 4

3 L




TR A BLE(I MDA A REIR AN D THRLN

= SARED KD (CHAEE (ET) DFMNSIESNMMENRUN
B [DATIEE] o QB Lipschitz &%E C/RAV] IB(SAIH/ERZRT
= WD BIEEM DAIAECH Lipschitz EHE/RIB(EEDIRFLIAEF T CTRA D

R4 TEER BN RBEIEICH U TRV DM FT

mIEEHR (N1 RDEZESIEVY) 78S IEREETR
prox, ()], = [Pr.0)],, = o), D]

B )\ —REZFET D (, JILLIRS Soft-Thresholding

[prOX)\II-Ih(Y)]n = (1 - )\/‘y?’LDJr Yn



AT Y T ez slbR U sk A B & (3 Bh LA

TR L) Aok BIEIENE & U TDEEFIR

mf,gelo(H), BEc Vf M B-Lipschitz &k
B f(x)+g(x) DERELT f %Lb\%:}ﬂﬁé%{@ﬁ%i%
= pe (0,1/p] 135 f(x) +9(x) < p(x,y) = fu(xy) + 9(x)

F(x) < Fuly) = F) + VA (x—y) + % Ix — ]2

m EREE o, xM) OFREIMEEITS OO HBIBIEGE

x* 1 = arg min (X, x[k])

n SIOEBSREIEOSESERM 0 € dp(x,xM) = Vi, (x,x[F) + dg(x)
= TNEMBNTEREBIMET B E 1 e (0,1/8] DFEEAEREZES



AT Y T ez slbR U sk A B & (3 Bh LA

TR L) Aok BIEIENE & U TDEEFIR

mf,gelo(H), BEc Vf M B-Lipschitz &k
B f(x)+g(x) DERELT f %J:b\BZ})’YF';EFE&_C‘TﬁﬂéZZ)
= p e (0,1/8] 185 f(x) +9(x) < w(x,y) = fulx,y) + 9(x)

F(x) < Fuly) = F) + VA (x—y) + % Ix — ]2

IIRAFCAFAT Y IME pe (0,2/8) TIERTDDT
1/8 < u<2/8 DEEFEROBRNEEBDBETTND




AENRESZ IV TVU X A E UTORERR

iSRS Linigs) EE(’FFE?ODZ:Eb,“\ﬁAb‘—’H
u REMHRMG L DRER x* (IABREKS Fix(prox,,(Id — pVf)) Dt
0 € Vf(x")+ dg(x")
0 € uVf(x*) —x*+x" 4+ pdg(x”)
(Id + pdg)(x*) 3 (Id — pV f)(x*)
x* = (Id + pdg) ~(Id — pV f)(x*)
X* = prox,, (x* — pV f(x"))
mEEAEERARE 1 € (0,2/8) 125 o - FIIFEXT®R (o <€ (0,1))
= prox, (Id — uVf) = (1 — a)ld + oS ERDIFHLREE S HMFE
= EEARFERARDREF o =2/(1+2min{l,1/(uB)}) € [2/3,1)
B Krasnosel'ski-Mann Q7L U XL CEI3HLKRESR T DREER)
= xF = 7(xl*) (& Fix(T) RD 1 &(Z(E8)UNER
= {x"} (& Fix(T) (C3F U Fejer monotone ||x* — x| < ||x*— x|
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EIEATE 7V VU X LADOHEAE

AR FABUEGEM EN D R[5 G HEH

B TEARSEICH T D IR NESEDEAIEE N
= pu e (0,2/8) mBE f(x*) + g(x*) @ EnsiBEzENS

2—pp
20

2
< (f"‘g)(x[k]) ((1 _|_Zg))2 Ao (f+g)(x! "~‘+”)( )

(f + g) (<) < (f + g) (xI*) — | <+ — M2

B AEARCECHITDIEMENSKRIIOEHERE
= Vx* € arg m}:;m[f(x) + g(x)] (CXF U CREREN BEFRFEIENN

]l —« 2
= x| D <t = xS — —— ]l — )

HX 2



FISTA : iTiEL) AL iEDNNE

TIEAEEDI R ZINESEDITI=VvD
mRESEC A €0,1) 2RAC1ISEMFTNL
S BIRE K >0 ZBERELT 70 = (k—1)/(k+ K —1)
= EL— bZ O(1/k) "5 O(1/k?) [CRETED (Ril)

T = [k o (K] (k] _ k=1
k1 proxﬂg(y[“” — Y f () )

B T EOWMD HIEINE BNE SR Euler TRERUE UTZEUERRTD (CXT G
= BEREHRHZRENCZEES BT ETEECFHLSED



ZHHZFAFEZE (ADMM)

ESSDIREMD AR ERIES
B TEAECET 2 DOBREED S5 —H 3D BlaE ChdD Z L& RIE
= MR TEDIEMNMRUINEEERTILT U XALCRD
B DA BRI O R/IME T D 77)ILT VX LB L

Minier;(lize Da(x) + AR(x)

ADMM (Alternating Direction Method of Multiplier)
B EHENHT DL TEESORREEIEERZETIRD
= IERHER < IEEE LERE (C BB XA EMEERR (S SN TLD

S [k+1]

= prOX@d(z[k] — rl¥ )
zlF 1) — prox)\m(x[kJrl] + rl¥] )

Pl 1) plK] | let1] _ lhet]
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F-Wd5>Ef#E (Primal-Dual Splitting method)

KDEMBBEZFTAI7ZINIVUXLEGZEHEFE
m FRAMEIEZREHAWVD CENNELL<HD (ERORAE RIRF(CFIH)
= BRISEIAERAZREEHRSN TV EEH > TEN

Miniergglize 5(x) + &(Lx) + H(x)

R LTI L2 TOEE U CTIRAXREEIC

B -0 EEE C (I EME-E B EE 7z R (CE X THE<
= ADMMEE-BIDEEED— B LEAFIRTED

xF+1 = proxmg(x[k] — u (VH(xE) + uzLTZ[k]))

z k1] =y —proxéﬁ(y)



(ESNIE EIEESIL

> BE(EFZI TV <

Imeyazitl




SR EEES )L
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The windowed Fourier filtering (WFF), defined as a thresholding operation in the windowed Fourier fe

(WFT) domain, is a successful method for denoising a phase map and analyzing a fringe pattern. However, it has

- % E gll:l . Zs — I I some shortcomings, such as extremely high redundancy, which results in high computational cost, and difficulty
I j-b s IO in selecting an appropriate window size. In this paper, an extension of WFF for denoising a wrapped-phase map is

proposed. It is formulated as a convex optimization problem using Gabor frames instead of WFT. Two

Gabor frames with diffe ly sized d are used ly so that the ab ioned issues are

L\ G—
° AN O Ived. In addition, a differential op is bined with a Gabor frame in order to preserve discontinuity
: d /\ 7 of the underlying phase map better. Some ical experi d that the proposed method is able

to reconstruct a wrapped-phase map, even for a severely contaminated situation.  ©2016 Optical Society of America

OCIS codes: (100.5070) Phase retrieval; (100.3175) Interferometric imaging; (100.3190) Inverse problems.

hitp://dx.doi.org/10.1364/A0.55.004632

E I 1. INTRODUCTION of windowed sinusoidal functions via WFT. Then, a threshold-
LY Interferometry-based measurement  techniques ~ generally INEOperrorss cmpl(_)_)?d to enforce sparsity o d\e.no:sy EPFin
100N 2 Y the WFT domain. Finally, the inverse WFT provides denoised
observe information of interest as 4 Wrapped-phase:map, The  the omain. Finally, che inverse WFT provides denoiscc

EPF, and the corresponding wrapped phase is obtained by
calculating the principal value of its complex argument.

so-called wrapped phase is a restriction of the original phase to
the interval [-7, 7) by adding or subtracting an integer which is

A\ Q. % . 2 3 Be! et e g S i

o * a mulriple of 2. The process of recovering the original phase Conversion of wrapped phns—’e !o.I:PI‘ {-Decessaty b0 TEMaVe

. /\ J y \ from its wrapped version by removing the modulus 27 ambi- the d'ﬂ?f“]‘«" C"“‘"_"d b_Y ‘h“_“” ’j{"c“{“““"[)' "F"h“ wrapping
guities, called phase unwrapping, is nece: 0 acquire the effect. Since EPF is a sinusoidal function, a Fourier-type trans-

formation, including WFT, allows sparse representation of

information. If the magnitude of phase difference between

noiseless EPF. At the same time, noisy EPF is generally not

M adjacent pixels is less than 7 (i.e., if the Ttoh condition [1] is S s g 2 .
: A1/ \ W‘, \ W‘, W /rb il / E satisfied) the unwrapped phase can be obuained exactly by a Spaneda .'hf w_lil domain. This sparsity-based ‘cl\arac(trua»
TN TN 2 (=] path-following algorithm. However, the presence of measure- tion admits WEF to be a reasonable and effective approach

ment noise often violates the condition, and phase unwrapping ~ for denoising the wrapped phase.
becomes an ill-posed problem. Thus, many unwrapping tech- Although WEF has achieved greae success, there are some

~ [==] S niques have been proposed during the last ewo decades to over- shortcomings. The first point is high computational complex-
. @ ] 2/ \ E % I % come such difficulties [2-8]. ity. WFF is usually based on the full WFT, which results in
— N\ An effective strategy for eliminating the issue is to integrate a extremely redundant representation. In general, redundancy

denoising fileer before or within the unwrapping process ~ in the transformed domain should be controlled properly in
[9-18]. Such a denoising process is usually desirable because order to avoid unnecessary computation. Another point, which

: \ﬁ e A= \E \ A ? the unwrapping problem becomes considerably easier as the is closely rc|:uc‘d to the first one, is l!‘ai WFF hﬂs‘]C&i freedom

1 o c ] Jd\ noise level becomes lower, One successful approach is the win- 00 a choice of a window funcion. There are infinitely many
JAM AN . o . s : A i ; G ; : i

dowed Fourier transform (WFT)-based filter, which is often pairs of a window function and its dual counterpart, which

called windowed Fourier filtering (WFF) [19-24]. The pro- should be chosen depending on application. Nevertheless, the

N 7 d 77 cedure of WFF is as follows. First, a wrapped-phase map ¢ ordinary WFF seems to adopt E;nly the Gaussian window,
. D I \ 7, A D M M i A ¢ (, \ - is converted into the exponential phase field (EPF): ¢, where whose support is not compact. The last but most important
i / — i = V/~1. Second, EPF is represented by a linear combination point is that there is a trade-off between the effectiveness of

1559-128X/16/174632-10 Journal © 2016 Optical Society of America
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PHASE CORRECTED TOTAL VARIATION FOR AUDIO SIGNALS

Kohei Yatabe and Yasuhiro Oikawa

Department of Intermedia Art and Science, Waseda University, Tokyo, Japan

ABSTRACT

In oplimization-hased signal processing, the so-called prior term
models the desired signal, and therefore its design is the key factor to
achicve a good performance. For audio signals, the ime-directional
total variation applied to a spectrogram in combination with phasc
correction has been praposed recently to model sinusoidal compo-
nents of the signal. Although it is a promising pr applicability
might be restricted to some extent because of the mismateh of the
assumption to the signal. In this paper, based upon the previously
proposed one, an improved prior for audio signals named instan-
taneous phase corrected total variation (PCTV) is proposed. Tt
can handle wider range of audio signals owing 1o the instantaneous
phase correction term caleulated from the observed signal.

Index Terms— Spectrogram, phase-aware processing, phase
derivative, instanlaneous (requency, convex oplimization.

1. INTRODUCTION

For optimization-based signal processing methods, design of the so-
called prior term, which imposes the prior knowledge about the de-
sited signal, is important 1o achieve a good performance. While a
complicated model is useful to obtain higher performance. a simple
model is also important in practice. Recent methods may utilize sev-
cral priors simultancously to impose multiple aspects of the signal,
and thus each prior is preferred to be simple as possible for reducing
the overall complexity.

As such a simple prior term for audio signals, phase corrected
otal variation (PCTV) has been introduced in [1]. Tolal variation
{compe: n ol the first order dilTerence and the £1-norn) is a quite
popular prior, especially in image processing [2-5], that induces
piece-wise smoothness Lo (he signal. Based on the observation (hat
a purely sinusoidal signal is represented by a smooth complex spee-
trogram after a suitable phase correction, PCTV is defined as the
total variation applied time-dircctionally to the phasc corrected spec-
trogram (sec Scction 2.1). Since it utilizes information of the phasc
spectrogram explicitly, PCTV can be regarded as a phase-aware
prior, where such phase-aware methods receive much attention re-
cently [6,7]. Tt can e be optimized by convex optimization
technigques [8-12] bee of its simplicity, and therefore PCTV is a
promising prior which should be investigated further.

Although PCTV has many atiractive properties, its applicability
might be restricted 10 some extent because of the mismatch of the
assumption Lo the signal. The key factor of PCTV is the phase cor-
rection which realizes the smooth time-frequency representation of
a sinusoidal signal. However, the conventional PCTV deals with the
phase in terms of the center frequency of cach bin of the spectro-
gram. That is, the phase correction is performed not based on the
phase of the signal but based on the parameters of a ime-frequency
analysis method. This mismatch might require a highly redundant
time-frequency representation which may not be suitable for many
applications of acoustical signal processing because of the compulta-
tional complexity caused by the high redundancy.

978-1-5386-4658-8/18/$31.00 ©2018 IEEE 656

In this paper, an improved PCTV, namely instantaneous phase
corrected total variation (iIPCTV), is proposed. It corrects the spee-
trogram bascd on the instantancous phasc of the signal so that the
sinusoidal components are handled more appropriately. As the re-
sult of considering instantaneous phase, iPCTV can be applied to a
broader range of spectrograms calculated by a larger shifting step of
the window function than the conventional PCTV. For demonstrat-
its perfurmance, a simple denoising problem is considered and
solved by the primal-dual splitting algorithm.

2. PHASE CORRECTED TOTAL VARIATION
In this section, after briefly reviewing the concept of the conventional
PCTV, instantancous correction of the phase based on the signal is
proposed to improve the performance of PCTV,
2.1, The simple prior (Conventional PCTV) [1]
Let the short-time Fourier transform (STET), or discrete Gabor trans-
form, of a signal = with a window function w be defined as [13-15]

L-1

(FVx)m,n) =3 wll + anjw(l)e

-0

Zaibmi /1 1

where % is complex conjugate of 2, i = V=1, ri and m are the
time and frequency indices, and a and b are the time and frequency
shifting steps, respectively. Since a sinusoidal signal (with initial
phase ¢b) can be wrillen as

amithfan/ Lisa rilbfa(nq1)/ Lbdn) ~2ribfa/
= g@mitbfan/Lidn) _ 2ritbfalnt1)/Lto) o ~2wibfa/L )

its STET has the neighborhood relation,

that the time-directional difference of the adjacent components of
STFT is zero 1'0[ a sinusoidal component of f = n: when the phase
factor ¢~ #* 4/ L s multiplied.
Ln [1], the phase corrected version of STFT is considered,
(Frea)(m,n) = (Fw)(m,n)e 27imen/t “4)
which can be directly wrillen as another form of STFT:
=1
(Fpeayim,n) = Zx(l)w(l — anjesTitml/L (5)
=0
Then, PCTV was defined as time-directional total variation of the
phase corrected STET':
TVic(z) = ||D:Fcx ||, = | Dikie F2 ||, (6)

Note that this definition of PCTV isa reinterpreted version of the original
description, where its motivation and description are detailed in [1]
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DETERMINED BLIND SOURCE SEPARATION VIA PROXIMAL SPLITTING ALGORITHM

Kohei Yatabe! and Daichi Kitamura®*

iDepartment of Intermedia Art and Science, Waseda University, Tokyo, Japan
‘Department of Information Physics and Computing, The University of Tokyo, Tokyo, Japan

ABSTRACT

The state-of-the-art algorithms of determined blind source separa-
tiem (BSS) metheds based on the independent component analysis
(ICA) have gained computational efficiency hy the majorization
minimization (MM) principle with a price of losing flexibility. That
is, replacing and comparing different source models are not casy in
such MM-based framework because it requires efforts to derive a
new algorithm each time when one changes the model. In this paper.
a general framework for obtaining an ICA-based BSS algorithm is
propused so that a source model can casily be replaced because only
a single line of the algorithm must be modified. A sparsity-based ex-
tension of the independent vector analysis and a low-rankness-based
BSS model using the nuclear norm are also proposed Lo demonsirate
the simplicity and easiness ol the proposed Iramework.

Index Terms— Independence-based separation, frequency do-
muin independent component analysis (FDICA), independent vector
analysis (IVA), primal-dual splitting algorithm, proximity operator.

1. INTRODUCTION

Blind source separation (BSS) is methodology lor recovering source
signals from multiple mixtures without any knowledge about the
mixing system. Let a convolutive mixing process be approximated
in time-frequency domain as

x[t. f] =~ A[f]s[t. £, (1)

where x = |. .ozar| " is an observation obtained by M mi-
crophenes, 8 = [81,82....sx]7 is a source signal to be recovered.
A[Sf]is an M x N mixing matrix, and { and [ are indices of time and
frequency, respectively. Then, the aim of BSS is to recover /V source
signals s from the mixtures X. In a determined or overdetermined
situation (M > N, many of the BSS problems are formulated as
an estimation problem of finding an N x M demixing matrix W[f]
which is a Tefl inverse of A[f] (i.e.. W[f]A[f] = 1), and the source
signals are recovered by simple multiplication:

W(rIxlt, J] = WAL (e f] = sli. f]. @
For the sake of simplicity, only a determined situation (M = N is
considered in this paper.

For estimating a demixing matrix [f], statistical indepen-
dence between source als is often assumed that leads to a
family of independence-based BSS algorithms. Arguably, indepen-
dent component analysis (ICA) [1] applied in frequency domain
(FDICA) [2-6] is one of the most famous methods ameng them.
However, FDICA suflers from the so-called permulation prob-
Tem [7-10], and thus some recent developments on BSS aim 0

“This work was partly supported by JSPS Grani-in-Aid for Research Ac-
tivity Stan-up (1 THO6572,1 THO7191)
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avoid it by considering more sophisticated models of source signals.
For instance, independent vector analysis (TVA) [11-13] assumes
co-oceurrence among the frequency components in each source, and
independent low-rank matrix analysis (ILRMA) [14-16] assumes
Tow-rankness on spectrogram of each source. The key (o success
of these methads is to incorporate prior knowledge of source sig-
nals into their formulations. That is, improvement brought by these
methods relies on the preciseness of their source models. Therefore,
seeking a better model is the important process for developing a
novel and effective BSS method.

However, recent algorithms [16-18] cannot be applied 10 a
different source model directly hecause they are specialized 1o
each method. These stale-of-the-art algorithms are based on the
majorization-minimization (MM) principle which requires specially
designed upper-bound of the objective functions. That is, one has to
derive a new algorithm cach time as the source model is modified.
Therefore, it may take a Tot of time to examine a new source model
especially when the model is a complicated one. If a single algo-
rithm can handle & large number of source models without effort,
discovering a better source model should become much easier that
possibly boosts the development of BSS.

In this paper, a flexible framework for independence-based BSS
is proposed based on a proximal splitting algorithm [19-22]. The
uselulness of the splilling algorithm comes [rom ils capability of
splilling an oplimization problem into several easier subproblems
which are handled hy the proximily operators. We lake advantage ol
this feature to split the ICA-based BSS problem into two parts so that
different source models can casily be combined by modifying only
a single line of the algorithm. The proposed framework is tested
by intreducing three new source models (a sparsity-bascd extension
of IVA, a low-rankness-based model using the nuclear norm, and a
sparsity-based extension of the low-rank model), and polentiality of
the proposed method is indicated by the result.

2. INDEPENDENCE-BASED BSS

As introduced in the previous section, independence-based BSS
methods aim (o estimate M > M demixing matrices {W/[f]}_,
which approximately recover the source signals from the observi-
tions as W[ f]x[t. f] = s[f, f]. Many of them (all into a minimiza-
tion problem of the following form:

Mm.mw PW(fIx]t, f] Z log [det(W [}, (3

where P is a real-valued penalty function corresponding to the
source model. For example, with some constant €',

M T F

SO N Nyl Al @

m=lt=1 f—1

Plylt f) = Cllylt, £l
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;iEEﬁT)llj‘ 1) Z“A Minvivmize Z(w) + P(Xw)

Algorithm 1 PDS-BSS

1: Input: X, will, vy 1y ps, o

2: Output: wlx+1

3: for k=1,..., K do

4: W =prox, r| wlFl — g o X HylF] ]
z =yl + X (2w — wl*])

y = Z — prox_i p| z |
)

5
6
7 yFr = oy + (1 - )y
3
9

wlFtl = aw + (1 — a)wlk
. end for




Algorithm 1 PDS-BSS

1: Input: X, W[l], y[”, M1, U2, & 1SR EEE UT

_ . w1 =
2: Output: w RREZIED TR
3: for k=1,...,K do

4 W = prox, 7| Wi — pypp Xy ]
5:  z =y + X(2w — wlkl)
6: y=12—DpLoX1p|Zz]|
7y = oy 4+ (1 — )y
8
9
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wlFtl = aw + (1 — a)wlk
. end for




REFIVIUZL Minimize I(w)+Y P, (Xw)

Algorithm 2 PDS-BSS-multiPenalty

L: IHPUt: X7 W[l]a y[ll]a - Jygla M1, 2, &

2: Output: wl&+1]
3: for k=1,..., K do
Q [k]) ]

4: W = proxmz[ wlkl — M1M2XH(Zq:1 Yq

5 forq=1,...,Q do

6 Z, = y([f] + X (2w — wlk])
£ Yq = Zg — ProX 1 p | zq |
8 yo U = ay, + ?21 ~a)yq
9: end for

10wt = aw + (1 — a)wl"!
11: end for
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Algorithm 2 PDS-BSS-multiPenalty

L: IHPUt: X7 W[l]a y[ll]: - Jygla M1, 2, &

2: Qutput: wiK+1 YSREHEX

3: for k=1,..., K do
. k
1 W= prox, 7| W — X T (X2 i) |

5 forqg=1,...,Q) do
—r ~ [k]
6 = + X (2
C T W~ W) ——————
o Ya= Rrox 1 p, | 2g ][k] (BIEEMST(CARS )
8: Yq+ :a§q+(1_a)yQ
9 end for

10wt = ow + (1 — a)wl"!
11: end for
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