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Abstract
and low-rank matrix recovery. Compressed sensing based on convex optimization and related matrix rank minimization and

This paper reviews the basic theory and typical applications of compressed sensing, matrix rank minimization,

low-rank matrix recovery are hot research topics in recent years. They find many important and successful applications
in different research fields, including signal processing, recommending system, high-dimensional data analysis, image
processing, computer vision and many others. In these real applications, analysis and processing of high-dimensional data
are often involved, which needs to utilize the structure of data, such as sparsity or low rank property of the data matrix,
sufficiently and reasonably. Although minimization of objective functions like sparsity or matrix rank is NP-hard in the
worst case, by optimizing the convex relaxation of the original objective function under certain reasonable assumptions,
convex optimization could give the optimal solution of the original problem. Moreover, many efficient convex optimization
algorithms could be used for solving the problem and are also applicable to large-scale problems. In this paper, we first
review the fundamental theories about compressed sensing, matrix rank minimization, and low-rank matrix recovery.
Then, we introduce the typical applications of these theories in image processing, computer vision, and computational

photography. We also look into the future work in related research areas.
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T, R TR A A R R K B R A
18152, Wl iif3 EdE Rt R. — R HE 5
UL, WL 5 S L R [ 45 B0 mT s 4 10 27 1) KA
2. {E YRR AL B YRR P R AR SR AN
R G, TG S, AR ER R AT S
B WLAE B AE A AL 1) 2R UL B g 70 AT %)
TR ()« R A (Lambertian) J& P04
K, FERER A AN DGR T F0 45 3 1) B il
WUAETE—A 9 dE et i) e . ey 45 BRI 72
3 P vy A S ) A7 A R s e A T ARk, 6 T
ROHCRAR . s . FR X E A &+ L.

SR P 1 ) A, XS R RS R A T A AT
TG ER . KIRZE . BBEE, 1Kk 23 A A Ad
PR KR BE I 1 — 2D i ok T R e, XA 5 A
R 22 52 Bm N F v 23 L. i, e KRR, Il
AR B R U NI B S I &
ot Y ARTEAE; s 45K (Structure from
motion, SFM) ji) g, MEATHREAESR ORIk UL E I
EARAFAE R UL AL R 22, XL R AR 2
TG o3 BT RAL 217 AR AL, 5 T R IR R S T
(1) B35 DA R DG D I P A B0 S 3 RS 0 1SR i T
Heo IR0 I R AN S HE I L A 45 5% ) il o
PSRRI EAT, X BACK RS E R 1 73 #r 5 Ak 21
FREAE

AT, TE A4S S gert A B L A VAR DT T
WA ERR ], RS FERIME DL T, /MG an i g vk
B BRI AR (1) b R 202 NP i =31 (H A
Bo 5 PR B AN, R4 H A ek 2 ™ A ot
BARRR L, R AL 771, RER R 45t it i)
B AR, T L, BEAE YERE R TR, X R AR
ool T 1. KRR T “YEFZ G (Bless
of dimensionality)” . MK FSHT ST, HIL BT
RS HIRIFF IE G K G s kA7

XA BLAR BRI 70 DR LA s A A L RRRE Bk A
ANEAMRBRAE MR S 2 A J7 . A SN T
L AA i) AN ], AELAS o b AR R AR R
L7 24NV s 13 7 EN 2/ = TP g S i o S | = 4
TR0 HT I IS il R IR 4R A S 5
JIXoF I ) e B I R AR B AT A 5 (R AR S T
M 1 2 i 1) R B v R4y JUFR O 0. Hs i
W N 3 e M ) BRI (Ph) £ YEE (XFRE
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B E R4 . R Bk e /I T R 4R R s a6 A
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BE PRk o . AR B A A2 U2 41 [ I ) D D s 2
B AR R R 2 A £ A R P R e A
W 0 ARSI s 4 A S B R i /N BRAR B
V=R N0 e e 28 el S R NS G AER | PSR S
PR A AR IE SR M IR R 8, AEAE S BT £y YRR
TR EL (WL 30) AR, 3 e U A0 D AR
AT SR AR, FF HAT A OCSCRRET T A sk g s
VE BT 25 AT A0 B 1R DR AEE 561,

PUAE AT AR K £33R SO L ST 4 R 4 28 0
P 445 1 R TR B0 I A5 HEAT R T2 A7k
T Ak A /ISP AT AR B P 52 D75 T PR Bk, JE 2
S ERIR I BERHE 143 AL STy, A kX e
BEAR AR (1 4178 N ) 5 G5 AN B L. A SCA B
York 51 &, N AT TR — 2%

FEARTCHR, FATHE 16 oo A s 4 A . AR R
d /NI AR AR B P 2 IR AR 5C BB R Ak, JF 32 28
KA AL PR THSELRLBE T S SR o7 1A A 1 4 2%
BB AR EA IR BRI . ARSI A A 4
ZUNTR: AR 1, S I G A S Y B e
fith; AE55 2 rh, AP ME (BB PR IR
78) WMELRILAL; AE5 3 W, AR R
PR HER; 7258 4 b, EZAEGALE TR
B VBB A A 5 TS 2 X S RE G B ) i Y
HY; AE55 5 b, XPAHSCEG . SR T B fof A
JERAKIT I A BEA M R, fe ), 7E50 6 719
AR S T B

1 E4EtE B3EiE

i Candes %5:05-6 F1 Donoho™ 2 H Y Jis 44
f& & (Compressed sensing) (X FRE4i KA (Com-
pressive sampling)) #2455 5 A0 B KGR AL 34
AHIHIFFE AR ) 44 . 28 ML) Nyquist-Shannon K
Ff 22 B (Nyquist-Shannon sampling theory) %I i
TR T RAEESE SRR, M RET R
MG S, 20T UME 5 B 98 i R 1
TR GHE 5 AT KA. LS 145 S5 A LA
itk (Sparsity) Binf Jk4iPE (Compressibility),
IR AR B AE R 45 I T R o N 19
Hs 45 A S 502 78 2 R A - B M R AT PR AR A
JIT T LI RAE R AR AR B8 0% ORI THEAff = A ) i A
=E

WEC7 EoRE, X TR & 2y € R™ ZoRIME
7, HoMgi v B4R 1% m) &b AR o0 3 AN el
(th) Co T6EL (FNHL), BN ||z|lo := {7 : @ # 0}]. &
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WG 5 zo /& S— bl (S-sparse), A4y AL
HMERLHEE Yy € R™ (m < n) HFREMNF K
FHRAE S @y K, XS 4l K5 S Bk
o, CAPRN Ly € R, Hrfhy = Azy H
m < n, AMIAENEDFNE y ke G
155 2o, XA ST iR IR E AR KRB ol:

min [lz]|
st. y=Az (1)

o, Tl B REHE A NP XER L AT
T SRR U T PR A A e i 56

H}jn ]2
st. y=Azx (2)

Hp, x|l FosmE 2 1) 6 Y55 (1 35%0), & XHh
Nl = Do || XEAISCHEIE, (T ) (2) 45
R AT ) (1) POAR? W X 55 S ERFETT
AR, EHE A e R™™ AR, STk [6]
e ST FERE AR A BEYE (Restricted isometry
property, RIP) Z&fF, HAKE XUt

EX 10, &M A &l BRA &
(@)ics € R™ BN, J o0 i a; BRI
HEHEES, MTEES (1< S <|J]), EX S-2
INE R 4 (S-restricted isometry constant) A%}
P34y (Cardinality) AL S 74T C J M
Pra sk {a; fier WL FIRFEA:

(1= ds)llell” < [[Are|* < (1 + ds)llel*  (3)

(1) g [P/ ME. S, & LS, S~ AR IEAT M
(S, S'-restricted orthogonality constants) hXf
IAEAMZES T, T CJ (H, [T < S, [T <
'S+ 8 < |J|) i

[(Are, Arc')| < Os.5:le]| ||| (4)

1] 057,5/ NECNIER

HE T 2 A B ORI 2 R TE AT PR O e X
S (6] 11 T P A

EHR 1, R 2y ST, WE T C
J, |T| < S, FilE A i

s+ 0s + 05725 <1 (5)

KHL S > 1. ity R f = Awy A5, R
L, o BRI (2) 10— .

O A7 S G I T S B 5 R, T2 0
SO [5—7, 12, 14]. IEGHE AR B 1B A
SRR AR B H R A, s R L R
AT ACRRE, AR SRR A e T 0 i T

55, WA K H AT 5 R A FE A 1 £ BEXT )
AT 534, B Z AH OGRS IR S e Ak T 7 A 6
MMM 7~ (Sparse representation) B b iE T
(Sparse approximation). AHICH %50 2 W, Elad
[y 425100,

2 FEMERRERMEIER

by s 447 A IR 5 R DR ) — A ) L R I K
AN TR L. AR R R I A 2R A A T Ak AT R R A
JTRZ RN, B AR SR AR R TR
A (Euclidean embedding) F1/[] & (Collabora-
tive filtering) %2/ IX 441 K 3475 SRR B Bk 55 s
1t (Affine rank minimization) @2

rrgn rank(X)
st. AX)=b (6)

Hir, X € Rmm Ry, UL Ar & X,
AARREE, A REYEMY, A R - R,
W e i X W B A R b € RP. 175 K itk
R (1), E AR BSOS BOR & IR B T7E
X FRRRECRBOR X RREOR, BT R
Pl i B AR B AR, L3 ) SR A A NP
MER). R B R AL rank(X) fEES {X € R™ .
| X <1} A (Convex envelope) J& X (1%
WX = o0, on(X) (IVERE X (745 75 57
T2 Y, NAT VR T SR AR G PRt 8 2 A A o 20

min [|X]].
X
st. AX)=b (7)

B M A TR ARL, TX BLAR B A AT IR 1) () 45t
(AR A 0] R (6) (figE. SSABLT-400 i 4 4% k3 Jee 3]
iR BE AR I /ME L) Recht 5B 48 RIP 454 M 1)
SR BIFRE L

EX 2P WL EmgE A R — RP, A
KMtk B m <n, ML 1 <r<m KT
RS r, 8 or— AV AL (r-restricted isom-
etry constant) AEAFX T I Bl Ko (HRE
X B

(1= (ADIX]F < JAX) < (1 + 6. (A) I X F

(8)
(1) 6, (A) HR/IME.
BT RIP 4&AF1E S, SCik [2] TR T ik
PN i B
EIE 202, BB r > 1 15 6, < 1, B
2 Xo el A(X) = b ME——ANFRE KN r 1)
.
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R % g /N K B — A SRS N ] 2 AR R R o 2
78 (Low-rank matrix completion) [n]#. & J5idh
KA R0 M S ARRR 1, (R FERE b & A IR 2 R AN o0
2. AN TSR R ST AN SE R AR RR
FRRE, U AR B L 7 i . 41, 25 44 1) Netflix
i) 50161 A AR (R (R AR MR JE 78 1) . Neetflix
R EI 5 ST A, HHEE RS (Recom-
mendation system) %M AT R0 D E ) HL 5E
FI 0 A PRS2 . a0 BOX AP e B 5 H
e dr, WalBRRese miz A AL g k5 5. h
I, A R WAL T T SR IC A ] TR e B
LF AR i A A HEAE R G BUR AR R Tk, IX AN ]
AT DL RE M A e R AT . (R M AT
AR — IR ANF LR 4T 28, B — SRR AH
H PR Rl 24T 7y, P #cR ER, HsPEH B
K, BRIXASFERE I 4EE 20 K. B BT 20 1
RS2 AT IR, X AN KRR o VAR N — B e R/ 2
AT H AT RE A A A R 2. 4 Netflix o) @k
J2 U] AT AN AN 58 B F0 R B P FG b R A e 3R
8. FESEE AR, ] AR ) AR BT
SR B E L.t TS O R ) P R
HATBR, an se st . o, A0, S34E, X4
FEREA BT Lo — MIRRR AR R, Hoey b, MDY Z A
SEREFRE M e R™ " I H S8 B ARRRFELRE M
(B r) ok, REOT,

In)}n rank(X)

B NN O i AR RIRYIU = i Y G e P ONAE IR VAR S
o, B Mi; gOWIE, W (4, ) € Q. {H, Xt Bk
DEAR Ta) R SR A2 NP HEFK, HL ) RUSK gt 1 52 2% 2
I B A R AR R G 5 RO R
e, AGERA R A i T AR

min [|X]|.
X

st. Xy =M, (i,j) €Q (10)

Iy T8 (10) &5 HE AR AR 2 ) L (9) FfR? AE
g tHAR SR B B A, SCHR [17] S sede 1 R i
At

Al. fFAE py > 0, A3 T B A i 1) 0
(a,a/) S [nl] X [nl] *[] @%Xﬁ (b, b/) c [ng] X [TLQ] ﬁuﬁ—
AL

r
|<ea7PUea,’ - 71a:a’>‘ < py—
ny nq

A2, fPAE po > 0, AT P A 1Y [a) &6
(a,b) € [n1] X [no] Wifd:

\/77
A/ TM1Mo
o, Py R Py 532 R M AT 23 [0 R0 41 25 6] )
IER BT

T T
PU:E uu,; , PV:E VU,

i€[r] i€[r]

E = z:uzv;r
i€[r]
X {u; } {0 00E MO AR R o, B
FEFE M AT A5 RN
M = Z o,
i€[r]
Hrph oy, o, > 0 2HFE M BI7RE.
WIRSHL iy T o B/ T BT 550w, WIFR
FEBE M W2 ZECh p BsRAEA T4 (Strong
incoherence property). {H#37F & M2, XA 58AHT
PEZAH S FERE M i n A0, 5 HA S E
INUNTE S
P, SCHER [17) UEBH TR e
EIR AN SR r BIHFE M € R™ ™ r =
O(1), BEHEFE M W ZHh p BssARA T4
fy ANR—HME, & om < n, HAATI R M R
AN 3R A7 B BENLIA A 43 A ), JL 2] ¢ A
JCE, WAAFAE— N IERH L C, 132

c> Cu*n(logn)?

|Eab| S M2

(12)

(13)

i E N
(14)

(15)

(16)

I, JEBE M ZE/DLL 1 — n8 AR Ak 8 (10)
(PIE—fifE. 5 2, R u g/ ME R (10) REfE DA
R NS R it B AR MO o R AT
AERRE v, HE e i

c > Cu*nr?(logn)?

WA RS .

FREHT ¢ RN EHFER » (175K,
NREBA T AR R, H e RN
EREFERR » (RN R R AR SC 1.

TR 50T TRl r AL M e R, ]
BOHPE M 2 B 4 h 5, IRALHAE A IER
WO, i

c > Cu’nr(logn)®

(17)

(18)
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I, JEFE M 200N T — n=? R Z P IR (10)
P I — ..

EASVE B A2, 3 BRI 0 450 1 2 A o PR 1)
(Deterministic), {5 i %2 K B 2 — & 1 s AEAH T
PEA A, IR PR R I 451 BE RO, S N
Bl vE % FIZM ™A 5t AR ) AR SR 4 1 41 5
PRI R, WL —ERIAAE T, SERE 4t JsUih 4
SO RE . B A TR I R,
AR 22 52 HT IR SR e A7 RO SR T A Ak )
I HAE KRR B BT ARA 2, X IR 2 WA
R T A W TR, 28 T AT A E.

3 (RERFEMREEIE

IR AR I Ak 52 2% 1S o] K A LA 5 £ %
72 PO AR T EARRR s R R A I AE AN ]
(I, AR B4 VK 52t 5 0 g R A AT Rk A o A
(Sparse and low-rank matrix decomposition) (HJ
BN A A — MR RR TR A — MR AR R 2
)\ EHE R 53T (Robust principle component
analysis, RPCA)M | RELF 5 JEAH T 20 i (Rank-
sparsity incoherence)™ %%, XAl LR AN [F] ¥ B
IS AT Re 2 A3 AR B BEAR. 40, 7Evh SR R
WFFT AR, AEFENIE (Martix rigidity)20) Z)m T %
AR AN A 1Rk 5 03 R e 3% ) e 2D 5 H
T AEHUE PR AE R, 75 25 HOU I E s B B A AR
YE S5 1y, (NI IZ AR AR P 5T ) 7T e AN 2 BEAL I =
Sy igg T o TR A A KA 2 A s i ) 15 22
(Gross errors), &P IRYE 45 R B0 W TR B 35
3, R R 578 R R 2 (S0 B T B R R 78 . A
e2E Bk W —NHBE D (D = Ay + Eo) R —
AMICRRAE FEF 2> A F0— AN Mg 3 M 4y 1 i)
AL RS o) ke A ik 18— 19):

1}7151 rank(A) + || E||o
st. D=A+E (19)

Hr, DA E, Ay, Ey € R™*"2 D & 00l i 45
B, A G RYTARBRAR BRI 4y, B O R i e 35
9%, Ao, By JEERGERE D ITSeEMRE. ARifn,
T HARE T rank(A) B ||E||o #&IEL P
A REL, X5 F3 10 1) SR AR 2 73 R AE ).

450 4 A BRI R RO e e /A 7 T PRV RIS R,
ATV SR AR 3R A Ak ) 7 (18 =290

min || All. + A E]lx
AE
st. D=A+EFE (20)

FESCHER (18] o, XA LAK ) R Bk 2 o 3 sy i
% (Principal component pursuit, PCP), 343t T

R s B
EIR 618, ik Ay € R (AR —Metk, )
Wong > no) WA T A RSE p WA T 5%

- (Incoherence condition):

max ||U e;||* < Br
i nq
T, 12 <« BT
leaXHV el” < - (21)

ur
ninsg

Horb, e AL &, FERE Ay & R ESEA Ay
=USVT = %7 ouu), r SRR Ay K, Y65
| Dlloo = max; ; | D; ;|, So MSAELEITH Abbr (Caid-
inality) "2 AT, FUEH

rank(4g) < pynop~t(logni) ™2, m < paninsg
(22)
A7 AR BB A ¢ A5 i o B R ) (20) (3
FX=1/y/n1) BARELL 1 — en "0 BRI
JRUGHRE, Bl A = Ay, E = Ey, Horh, p, # p, &
SGOEICIEN 8

5 , HERARHEFE Ay 1077 7 10 =20 A A B
U 5 50 B B AR 2R T 2 3 A1 a0 A, B4 AR A )
PCP whfigh LAHar 1 ke MR Jn AT = 1 i 2
TS IR IR IRRR AR I A SR, (HAREE R, [
FEFE Ag BIFk r 25 n/(logn)? [F—HEm g,

TR BT R ) (20) SRR R R 78
) (10) WIAN[A]: AEACRR AR B 78, B b A
TG E A B2 TN AR R S R FE R
SEHE), AHR LR RS T 2 57 B T 2 IR A
§3IBTE PR EN: /15 U 3 7 S5 L U/ = M o (i B U R S
A PR E, B SRR R 5 P 2 4 [R] IS AG WU  A A
1) 7 25 IR A7 B S AT AR o o 32 e AU R
FEt S rT LA B IRR AR FE B (Low-rank matrix

reconstruction)?!,

SCHR [18] 25 8 T WL REL B4 v ] I 25 KR R
ZERN G TCFR WG DL BOARRR A K 5 Te) . SR
[22] 75 58 T A3 v TR PR A AE R AR B e A2 1) R
SCHR (23] W25 R8T AT = B R 22 T R A
FRFEFER ] # (Dense error correction for low-rank
matrices), i 28 HCEE I IMBCREL A, AR
B P S2AT g AR e PRI R 3 e Dy I B2 ) 7 (20)
(4 AT

4 BLRVLY R 24

Jis 246 A2 DL R A Bk s/ A AR R A I K 52 45,
AMEFF GBS AR AR Z P B T g i T
SR AR I G ) S8 B 8 ORTIE R SR AR A A 1) A ) A

UV e <
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ML, I O SEEAEAE W RO B OS5
(Soft-thresholding) 4, /MG AT S 77 57
{HAHUZ4 (Singular value thresholding)%. H.{k
(10 B33 A 455 o T Al ALLBH i 55038 (Accelerated prox-
imal gradient, APG)26=27 258 Jj [n) 57k (Alter-
nating direction method, ADM)[28=30 Bregman
PARIEB S5 A A HH G I 5 S ST AR G [ SR A
RS LLEL. it 7E3CHR [30] o, 1R 2 AT UL
THT BB NN PGE 6 Y68 MeTk. w
TASOREA R, MSRMEEIEARZ . WEFE, A3
AR LI R S TR IR, A7 R
L6 ] UL IR B 22 28 0] 2 LSRR [32—36] 45
AT XL H S R SR AR S, Al s i A%
TR R B R N A VTG R R ok 32 A AS () 40 ) 22
ANTTIIAS T 153 B R H . I 28 FH 8 A 31 K
AR B TN THEHLIEDE S At
HH14 %% (Computational photography) %52 A~
Sofe. T X G 2 R R e Dy S8 P S 46 gl R

.
4.1 |[EEfRRRBIN A

Tk R R B 5. s A A1 I e i D) A it e T IR
N Z — sk 2 AR 353 i f% (Magnetic resonance
imaging, MRI) {3 I B7=381 i) SCifk [38]
A5 28 IRy s I 4 3 5272 (Rapid angiography). 4%
LR B (Whole-heart coronary imaging) -
B9 KM% (Enhanced brain imaging) )0
% (Dynamic heart imaging) 552, K 4ifk
I 03 532 BIOF SRR USRI SN 51 155 Bk, 1X
LIEH T 1) MRI 5 E4ifG e W), Hok
B EUGAE Rl G 3 1) AR e R 2 Mg 1), MRT 94
A G R v o A PR R AR e Sl 1T AN 2 B 2 1)
[ SR Y5 2) ek B8/ MRI _E R K
KT AR IS ], AT R R sk 2D 1 98 N R s v A
BUGAE o BEFTN D33 Bt G B R T R
B, A A R A T AN R AR i el T 2 AR B
(3 B RAE J7 205 AR e ) i o 5O AR AR 1R R
FHAR LM F A SVLAE S A, 49 s A% I AE MRI
AT T I

AR IRAE B A E L E O T K2 KE,
W AEREAE SR 0PI A8 T T ) 22/ 20 R R
FHAUHUE AR A6 B .

B {&Z B (Single pixel camera). %
AHHLIE 26 [ Rice K2 I — AN HR 4 Hs 4 4% Jk
JECHE S PR R AP0 AL 5 ) SRS AR LR H
Wi oot (Charge-coupled device, CCD) 8% H %=X
4 @ A A2 F 4k (Complementary metal-oxide-
semiconductor, CMOS) & &, UL 5K

ZMBEREL, REFRAMWEGEIEEER, K5
Pl S BEA BR T K /M4 (Joint photographic ex-
perts group, JPEG) 8 JPEG 2000 %% K4 4 b
e, X EHR B AT R 48, SAEGAHPLY CCD 8L
CMOS A& & BFAME R AL & — 2 AL E E I
EUERAE DA, SR AN R — AN (Measure-
ment) "PEE TSP HEREE B M. B4R R
FHMLR FH — N1 0 v (Digital micro-mirror
device, DMD), DMD J& H11R 2 S0 Be v 40 B, B4
WONEE T RO — ARG, fERHR LRI, ¥
KGotgkim il i s 4T 2 DMD L, X748 #: DMD
| EH I R O A R B B LA S X, PR 2 s R B
FLOEFALIES (Single photon detector) _t, #3%]—
MR “PABRRT . W 2 DX,
1R3N Z A BERAE, d5Ja P R 4 4% B AL U7V,
AL R R SRR KA 7 ORI 1 58
i, B RAE 1 R I e s e T 46, 58 A A A
TAEG LT R BAS (R48) W77 XFp
AR ZEAHWLAS T5 ZEAL GEAH B P 1R K T AR AR SR 2, T
HAEfE 4 CCD 8t CMOS A& 828 I 5 A 2 A mT
DL D HA AR 1) B K FHE.

EAEFHER K BHMEE (Compressive fluores-
cence microscopy, CFM) %, 7J:[# Bordeaux X
S IR ALl PN A A A S E
WEE, RN T AR AR A B R Z2 06 KA
SN IR M S G RAE SO AR A5 S T BhA T
S G5 AR IS ey B PR S A B, A
REARMRIERFE SR T (R A JEORCRFEIZ ) 1/32)
PRE AL IR AR 1 2B .

ANBIRAN. NG b B 21068 i 4 N R
a1 o A S AR BE . ] ORS8N P 5 A
26 RS 2 A DR NI PSR T 4 3 o — A AR TR
(1) /. Wright 2542 H—Fh T3 2 s 1K
B 7R ABLE NG VA R 3R AT T R B 4F
(R 24 R, T HL I H AT 70 A 2 4 A % 45 K 1) % 22 A
FERE DL BN O EE . 3X R AR RO A% 0 S
RS A VUM R AE B 2R b G P 454 e
(1)1 5¢ £ F # (Overcomplete dictionary) b H A7
il % 7~ (Sparse representation). Il 258 R
FEA NG B 55 B RO IR 785 2, DLk ik
RN UG I FEAS -2 0] 303 SR e DR ) s P
BAE I LR 58 2 7 Mt B s R4, I IGE
Py i 22 dc AN AE 9 NIREUR &5 . X b 6 A i
AN NGV 7926 YR R NI AR 2 SR A i
156, WAL FE— DN ANREGR N Z 0%, X
Le AR BB B Z RO A B OGRS AR, Dkt
B EER R NG G REA 723 ), LK, 1 T7 0
K BB TR (R0 55 SR AR v, A7 000, 1 A P45 )
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7B G 2R I ANAER 23 38 G AR 7s TT R IR AR AL
Wagner 854 1 —Ff e N0 5515 22 i g 1 1) 8
PRG35 k2480 R R IR ARG B S
IR AR G 2 TR TR0 55 ) . 7 STk [42—43)]
o e R T MR E RS, T REZ
WARAAC A AR R, A I ZRgE /] — A
(R AR S B AT 78 73 2 DG R ARG O, [R] IS A 1]
BHH R D, TR AN =R A
BN, 8, 7 A AL BN K EE A
FE R A 1) 81 Zhou 25441 A 17 38824 X ek A
T SARAE R AL, B SR BHER BN (Markov
random field, MRF) BB G| N T A TR &R 1A
JiE DR T ik 2 v R R S 1 1 S e R, kT
R FH s 1 2 7 1 D B g X g 3 29 B0 0 i B 1)
DB P AR R, BRAT TSI ORI AR R N PR
SR EEA IO T R B 7 1N R U O 45 2]
TARGFI PN BOR, A3 TR S I VEAR 9. A T
FUN T3 B HOR I 8 o NI BTG e 1) 3 58 2% 7 St
HEAT e, DA AR OI8O, i, Yang 2544
T HE T Gabor FHAE IR LR S NN 7%,
g TP IR oy, A NN R P e R AR |
A P THASL 7E SRR [47) B, Ma 253 H T —Ff
FAT B P PO - iy ) S T A 58 4
e, AESCHR (48] ), Chen SR H T Mg %
FRAE BRI ALE, IAE 7 I T SR AR A T
PE.

BB o EREE. Yang 55 N0 £ R 1A
J TR T GO S i e T e 11 ) 050 g
P T TR R R 1) PR R o R
L R MBI GE TR A IR T S ) e A
T, A — A EHRPORT X AN I i S 1
(Atom) MIMERZNEH SRR, — AT, K0
HEUG N A 2 B o R SR RS . AR
E1TPE L DS INA RS VAW E PO VAL (197 s A R 8P
1o 58 £ M R 23 PR R e 58 46 ML E. 0
T M R B, R X B R ARG
R UG Yo 58 4 7 U Mg R os R, RS
WX 20 FR O I B 3 2 R B PO e 4 U I
o R R P, IX R TR 5 R AR IR = )
R E G TR AMEAS T 3 i B AR, T HOR
R kv

LS NIR 1% (Coded strobing photogra-
phy). G A5 A B4R 0] LA 55k 11 5 3 S
I ARLJA S35 3 40 A R AR ot 2 PR A0 P 52 v it 32
MR, X B TER T S S5 5 A8 I L )
TURME, B 5 2, JIE 5 10l 5L A2 46 30 A i
(7. A0 A FH A 0 A AR LA SRR AN, X328 3 4 4k
K s A A J7 2RO IR, 3445 2 g 65 A5 A R 1)

K8, SR JE AR E A = 70 08 L i AR 4 1) 38 50 A it
(RVRF R, AR A0 T H R AR 1K) 2 A, ) 65 4 A it
P (Structured sparsity), KH ¢, o505 /ML T2
RN R R, T E S S S AR
()0 5% v S A2 B AR 1) g vk v A e A L 4
I, B TR AR L OB AR, FES T
SR ROE R DLORUIERR = 15 B B (Signal to noise
ratio, SNR); 15 FH F A A (1) 77 Uik, A7 7E 0 ad
i (Light-throughput) A& F R . M3CHR [51] Pr
FE H 1R G A R S B4R () D7 ROR B I 7O &, T
1K PR PG O G 1) 50 %.

4.2 FERERRE/IMEBIR A

KBEBMERFRERE. A TEHAEHELHR
(Image-based relighting) 1, 77 215 2 #EAA 1) ' A
fEET A FE (Light transport matrix) LA s i
[ T B4l B2 Ay T SR A A 1) ' B A B
PEAE 7 R AR B ) UG, RAR 1) - 15 s
SIRELTEZ TR, s e e B
4l A+ (Coherence) MM G [1)4FF 2. Peers
5030 I 4 #R B (Reflectance functions) 7F J:
W5 oy 5 (491 2 B 1T 8 o) B B/ R (Spherical
harmonics or wavelets)) " & i I 88 ] s 45 1R R
L B TANE RO BB AT R R4, I 4
T R IR SR, R A AR 2R T R AR
MBS A R, WA 8. Wang P4
IR AR A vt 7 — Mo B g R 8207 10
e AL A B i ARV, RORBRAIS T B R A 1
o (AR L E R EHE). AT [ @ 2 A 1A
BURIE T 4P 1f0 b O e B R A 7 55 1) DY 4
S H$3 (4D reflectance fields). 1 56 KAEAS B2k
AL 4R R I Mg I AT N 51 B e ER, IE Nl v
1 BR 3 SR JE KA 2L 0 TG R W B A% T, AT
Nystrom 77728 H e B B, BI#% Nystrom J5
7% (Kernel Nystrom method); 5 /5 iR 5 4 H 1
IO e Wt SR ] 2 15 1) 2% 1) A ) O AR B
AT o R T E s 1) ) AR Ze A T, 2ad
TS S (18 ' B A o R I P R A DR RIS 1, DR
A Nystorm 776 MR 0 s Hh g e 48
FME. XRP I ORBEAC T F REM EE B H . ik
AT FE A 1) O AR S B FH T3 S5 I D IR A S 5
WA T IR UF S50 45 5. Huang 25090 ¥4 7 #ii
iU SO B AR M 1 T o T AR A
P I, EHUER 2 18 21 (Dense vertices), R4 X 15
(R R (JR 6 HRAR S e BERR 1R K /Iy), s B b i
AT F11 FE IR SR s X6 T AN SR Il ) e A 20> 1)
& (Sparse vertices), HitA7 /D& 164k A BEITIR
FE; ) O R AL SR B () S AR, B Hh e 1)



988 H | 1k

F {4

39 %

O A i B0 s it e T o A1 A i R R 1Y)
TR ] T ORI EDC I ELE Gk ok, Bl ani%E
F B 53 73 M 8518 (Clustered principal component
analysis, CPCA), Mt — BRI ).

EEMIMRE. £k [56] H, Ji &R HERR
L TE 70 R D M AT T M R 2 W 1 A At AT
TR T — AN TP (P A 2 W A5, g I Ja o Jag
FHIT (PR ER AR R, Seflivh e AR AR A &, SR e
g W 7 22 B ) i A A A (IR RR A Bt 7, R HAICRR RE
W LA A0 SV AT I 7 ) 2 B AT R R0 R T
FeBRIE AR 48 LA R v R 7S R K TR s e 7R
(Heavy Gaussian noise with impulsive noise), I
A 258 TR AL 2 T AR VR AT AT ARG AL A Hh A7 1 P e 75 °F
GG R R, ESCER [B7] Ry Ji SRR
bR TR AL R A S A T R LA P B AR
¥t 2 FH T AR 2 g RN A AUkb 22 (Inpainting) |,
WG TARANES R A5CR.

B i B B BRI AR . Karbasi 5515 b iz
FH T AR A B 70 A7 R P I T 2% G AS ) A
(Ultrasound tomography calibration)=6% ji# s
T W7 J2 FSAGASE s A FH P 8 A LA 28 I v () A%
FEPE, XTI PTEAT W )24 . e R 2, 7
KE T o A7 8 P A T I 7 L, DASR A 1Y) 2
S5 R, T A A T, MR KR
S B EMES AT ] (Time-of-flight, ToF), 41
J3C AT IS TR R R, T A R HE T A SR 1A EAE
H2, AR S S AR IGER, EE R
823 52 B R MR A (1), 3 A7 A UG O A R 1R 1
Bl 6T TRAT IS TR) A R AH DG PR B R I, BRI
5O A — AN AR TR P, (55 6 N (1)~ T R B R
B —MICRR AR, BRde 2 4. SCHH R H XIS
FRH B PRI R o0, [R] I % 18 1 B (1) &5 A s o, SRk
HER) OptspacelS 503k, M AT AR K070 2 F1 K 75
(100~ 7 B 2 e B v S e A )~ O R R . B
JEAEHT T 2 2 4k JUZ 507 (Multi-dimensional
scaling, MDS) 3 24 @& LA RO A7 B A5 B XM
TG A R A e g S TR D VA P U T R A
(PR BT T ANES 0 L85 R

4.3 {RFRFEFERE YR

WINE =EE. ik [18] th, Candes S5 & 45
T o3 M T M AL sl s rh . A
MU, — RSt i R A LA 3 20 R 51 g
i PR D — AN TV, R A B R 100 LT
I S HE A O —ANFE R, DUREE 1R 7 55 3 2 ) B I
PR B B8 23, 10 3% S0 PR 0 A N A A F AL AR i 5
X R AR A 2y ol IR RS, K i A
Fe 5050 I PR B A T R B AR R A 8L 0 e, T R 2

MR i L R SR BT 520 O, TR TR
TSV s 3).

KEIMRER (Photometric stereo recon-
struction). )t 5 AR 42 48 1 [ E AT R
JEIR AT T HE AT 21 2 1 B A SR T )
151 (Surface orientations). fEHEAT G AR E 4
I, 37 AR G 1 RORAEAE 32 B AR 1T AR B R R
P£ (Non-Lambertian) i& i) 915 (Shadows) B
)t (Specularities) HIsZM. 5&% 1K H RANSAC
B B IR b X 6 52 457 AR 7 R 1) AN 5 e A
[F], SCHR [62—63] & T i R TACRR B 1 70
LR & MO RS AR T BT VE. XTI R
mgr WORANE L, 1845 20800 B WA & i)
EAEA DA R IR M (Appearance) 7K % —
Y- B) 5O IEUEE (THlumination cone); W™ 1)
WAL S A B 5% (Cast shadows), P H M
0] AMIRHE R Ze vk 1 (T B 7R W R A
M AR e ) S, P X 2 ) e 270 A A e — A
FRFE. A BARE DLT, XA RN %2 DM R
3 MIRFRFE R, STHER [62—63] B T kAl ik 1E]
FNHE AT 2R 50 78 2% FH 458 S5 s v B 8 XIS RR R
e, SRIE A Eaoegoy s &, IR YA %
) 55 JEh. IR AN T VR B O B SR HE A i) AR A
A RN 0 F R BB 0 3R AR PR AR B 5 1) i, 15
B TG RORARHELY, R AT SERE R YO E £, 8
Bl MU TT I, A7 v RO KA 7 kAT T
XN T7 1 B KRG R e A% A BSOS vh A7 A (1) R )
o EDGAEAT R IR AR S i 22 (Non-Gaussian
errors).

EBRKEEGMST. /E30HR [64—65] ', Peng
SEWCTE T B TR 0 8 1S PRI RN
57712 (Robust alignment by sparse and low-rank
decomposition, RASL), HTX 5% —41 A5 2k
FHOG I8, [Ny AT DL 25 gk B b A7 AR R JE Y L 467
SR ) R R R 25, IX R T ik nT LU AR A AR Y
(20) B—Frdn e N A, e SR — A A
BARHS R, AFAFE I AL B A5 1) I 20 B R B
P REL A B 808 e 0 0 A — MR RR AR B 7 20 (R 5
Jer HABRSE Y B AR ) R — A i e B 8 20 (PR
P R A ORI 2E). T AR AR AR
4715, RASL BIARYA & 2 — RN i ) @, 7
S SR At el o0 9 A AT REAT B D S Ak, R
AR AR — R AU e VAL J5 A4k e) 38, e 2445
2 J 1e) R AR, XS AR R BN 55 B T IR AE %
Ry 2R B AR 51 B RAEAT 2 R AR BRI AR
I, RN R AR 2 R A 25 4} 50 45 3
AL, WD T “auitf i O BNk B
4 1 (Photo-real talking head synthesis)% F14}
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A i AR S 5 5L (Face recovery from video
streaming)(®7 ZEHA L.

RSB EEM. SCHR [68—69] $2H T —HF 4N
BA ARSI (Transform invariant
low-rank textures, TILT) #%4, wJ LA T4 — 4k
P P AR S 3, B P v A7 £ ™ 1) 453 5%
I, TILT J7i AR R AR 538 15 ) 2
SRS, BTN N ) 37 5% TP A A TR AR D R A
OO HAT FEMO R (0 U 25 4 ] LA AR 22 1
J3— ANMRBRAE B, T A7 AE RO | 4535808 iR 22 1T LA
FAE R — AR . TIUT AR 2 i PR A
BRI (20) (—FHE) . TILT BIRUAH AT L
T e g, e rr e N T SRR &
1170 TILT MEALE Y HE— D i e B T = b =
Y FEH (Urban 3D reconstruction) ™ #E&HL
1 (Camera calibration)™ FI 75 (Optical

character recognition)™) %5,

I T BRAT T PR s AR A A B ) 7 A L AR
S, 3 9] IF RSB SR 25 Rl P R R 2. X
AN S A 1) SCRR HH 3 BAT B L 3.

IBRRFIEE. LUK B BRI A I AEIX A
Jeitt, MR AN B A RIXFE RS 7 (0 Hh 4 425 v o B )
R ARTAEAE 2 KRG AR 105 sCREAT BHER 1.
BUAE, O T SE A i PRAT B I 41 458 (13X 28 L AT T
SOEIES SRR, T SO IR AR AT
By e. BB THERAZ, LIRSS K
PEAREEARAL, AR L PR R R B
DR MRS MRS AR I AR i 1]
IR SCHE, AT LA P AR RRAR 6T i A M2 AT AR,
A5 P s A ASE PR SR 220 i KR b L AR BRE s BRI R
BL R T S 5T AN Sl I SR A, JR AT A
(K355 It 210 D S A0 ) e, R 25 ot XS N2 (1 81 i) 5
EERHEZ Ay — R, IXRE, FATTRE XA 2> i
N AMERFRAE B AN — AR g A R A8 R H A Y

A

AVIS FILMS
INC.

PRESENIS

(a)

RE. WE 1 PR, Tl T E o B B 5
AT BRI Al B R — B
I BUh i —d, 1 1 (a) SEAHE SR B
(K, 1 (b) A 1 (c) 2ol e 2 e 19 3
FRIREAIGT (O LT AR AR B PR #5870 ) R0R 2 AR RE
RIS R ILEF R ZE AR 73 (R N TR R R 7R 2 ).
UL B, SR RIS Bk T JsUa AL A7 A 1 W]
BHVRE. R, RYESNIHBEREE IR RA —
FE ARG T IRAEAER A Rl A g PP
g, IF H, EAMERT R BRI, AEAER 2
JA A ITTE, 0 T AN RIS B A 2R R AN [ A
53 BRI AR L R 1 vk, R
L B 5, TR ZE R T
M PERR B, REUS [RIINABE RBE AL R B R
iy
EERTSN PRI M. 15 A7 SN, MU 5
AR BIRACIRDLISZ R, B, fa4k B e F S
R Fchl, WA 2 I . W4k, e
EIRAE ot R 2 32 B R 2 B 5 A (1 2
PHEB, (HIFASREE—Wih IR MR RIS %
FEREm. Bk [ 58 AN Bh 1A SRR R 155 D0 A8 7 A
h . BATM A A BT A A
FHVRE4 P A i 1, SR P 2 1 4 8 B B 2 B L A
KIFg 2. Wil 2 (a) Pros, Prngin) b K75 1 s
BANL AT A B IR R 2R SR U 1B ER AT
F ORI B 5 2350 T B 2 (b), BRI A (1 2
BRI LR T, 2 (c) WX “RIZe” #o). X
HEIE S GI LBR “TL” MMEEIRA . 1%
GE 535, WSCRR [75] A BT <R A B
PR 2% (K A B Bt i BT T IR 84T 2% 1
FYHR, KER CWE” BRI
Jis 26 A s R 0 A /I P AN R R e 4 25 A
M5 I N I WE S %R 3. LB B A 28 (1 E AT
TERMGALEE  THENRSE . THRNLEDE 2 | SR

(AN i |\

AVIS FILMS
INC.

PRESENAS

(b) (©

1 IR EIRB] ((a) A MIH RS it (b) A 32 B B BRI A5 2 (00 NS (c) XN R R AsIE
AR 23 REMIT R IK) 73 B 5 480 153 x 620 B KA.)

Fig.1 Example of old movie restoration ((a) One frame from the input old movie; (b) The restored corresponding

frame obtained by PCP; (c¢) The corrupted error in the corresponding frame. Each frame is of 480 x 620 resolution.)
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HE

{(a)

{(e)

B2 KRR “RL” 7nfil ((a) BIARKT 100 MRS AOES 1 Wit (b) A8 S B B ERSRE VR A5 2 FO6 AL (c)
XA (1) <RI 2e” #873. REWUER I 73 #8576 153 x 720 BEZKD.)

Fig.2 Example of rain removal in the video ((a) The first frame of a 100-frame video; (b) The restored corresponding

frame obtained by PCP; (c) The “rain” in the corresponding frame. Each frame is of 576 x 720 resolution.)

A2 T3 TR N A DGR B 85y, EEmT B
5 RERMRIERE

EEP NN R N VS = ZAN R IR 7S SR 3 =
RIARARMIETT AR, T LA Z A AR S BEREAT

51 #HIBEA@

ey S B e 40 b R F e A R 1 5 A9,
X SEZ 63 e B ) SRR SRR A S L AT ) e S 9
R 0 TR MO B TR T KA RK
Ji&, AH A1 Ak B — 2 FL R ) SIZ B[] IR 34 25 38 3] A
HMe. IXRINAE: e B I EBAT R ) @A H 704 2
IR, ) RAS 5 S5 ) L — S8 SR 56 A RO AT 3
Faor MG BN PR R, 280k 3, 76 & FRI S BIR
XFFE ] AR, AR R H I PR A Y R A S
538 By 53 45 K i) 5 e (761 45 381 f AN 7 8 170 00 00
BeErp, CAnIC 3R BELH AR 7 A R R L,
FERERMEEL (R IRk TR 2 A, el sE gk — 20 25k
IR Y H s vh v A2 A A5 e, 6 T R AR A T
W e > T ML B A 2 R R, 2
—UBF ST AR T AR e R, N, R 3 TR
(1) s 45 /% % (Model-based compressed sensing)!™”!
o BR T M B R R e 2 A, Gl B E R R
HEOMI R M B 28 250 0 LA S A SR ) itk v 1) 5 22 4
g, T — 20 BAIG T S 440 A J T 5 S 1 L 00 6 )
$H . giFmitt (Structured sparsity)™ =7 5}
o] 78 53 1 475 R M) FH A R ) ) 50 R AL 49
o, F R /N7y RN TR H 458 K & (Hierarchi-
cal information) fH1F L@ 1) ¢, JuEm ME1S 2
A RO B TR Rk i M, BR T st an s
FE R R ARRR A IZ A S 30 A5 B4, R0 R0 25 i B
Z B G5 R A TR0 T i (I AR R A P A8 AR R e A
SAEVERE S ARATHE By, 0 an, BRAT AOACRRRE B 1 78 5

U, AEXS CRITCER UL AR A 1033 SR R EA T
BFEI, RORAN QS C 5070 5 0 BEA L2 A1 1) 2 R A
ME A MRCR . BT 5 2, R ] S A M PR 2 MR T
RABEH B 25 B4 4, e — AN ST ).

5.2 HEEZAE

7843 A e R8I 5 R DB AT R A 45 0, TR
PRIACIR)  FFAT IR 208 I i FR) e 280 KAl R 552 B 1 H
RAEZNERN. B, e Mo, &
FEIS IR v S8 R AR B 7 S A 2 R B . (B4R
AER— AN mox n REREREAT 75 e (20 i 1)
HE IR E O(mn?). Ak, ANTRICANE )77
FEARHUF SR, — 7RI T o2 7,
TR T SEREALRE. IR RAA A T
TERCRARE L EAE . “ormivaz” M7rike
ffi: 7E3CHK [80] HY, Mackey 542 T —FF “4rifuvh
27 Y77 T T W 7 R R TR IR A i o0 A, A AT] o
ORI 73 WA T /NFERE, JRAT KA, 1 &5 R4
I R R R K AE SR [81] Y, Liu AR
Tk 0 JEBE (0 filtering) YL T4 M
A B it ) i, ABATTSEAERR A “Fh-7H B (Seed
matrix)” [ /NFEFE B REAT o 1B RS, AR
XN RIAT 7R BN A KRB L REAT 6 DB, BJn
KH XK Nystrom J77% (Generalized Nystrom
method) KE R THIICE. FEVLAEOR: 7308
[82] Hh, S It [A) 52 2% 5 7 S AH 20 % U7 1% (Linear
time singular value decomposition, LTSVD) X H
TR PRI SRR P (Monte Carlo) J7v% LA AL
WK A SVD il 6 ik [83] 1, Zhow “5 4 i
BEHLPE 5 (Bilateral random projection, BRP) 3k
IR R B R 70 R S 45 FRATTAHAS, 3X 87 3
X FATT O T I, 45 RASL B8 (1) 3K A,
AHELEE L. FBA T RENUEE A, T
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HAEEE AL ES (Graphics processing unit, GPU)
SR IEAT AL BE D RE, K T4 i B SE PR s 47 %
R OREEL N, fE3CHk [21] P, BREBURSEITR T
AF SR AR AR B W 2 S5 1) GPU AT RO,
FE3CHR [30] 1Y, Yang Z5SEHL T € Judum /MBI IF
ATRRCAS, 0 3 8 FH 38058 T #2103 v
SRVEIRI RN T 52 Br N, 0 2 S MR SR L
[P o s e S P N1 - W I DA =T g
53, IE 850 R I i 1 25 R R R AT 2, A2 R K
HEE TR

5.3 TENAF@E

AL 2 FH o 0 A (4 B 7 S, VA B 5K
SRR A AR A AL AT Rk SR A,
ook T W IT ). FE G AR BERK S ML
R R B S 2 DR A S AL B, G b 3], 4
BLALSE . B3 =184 2541 %2 5 T F& Bt e o f
.t SOk [85] SR AR Ak 44 ) 7 vk LA 2
)43 A7 (22 5, IITTREAT 22 WA B A0 76 STk
[86] 1, 1EE I\ Ky G2 Fh A Bk 45 )RR 2 e i
T )75 7 M 75 A0 o 1, AU AT A P AU 0 e 6 R 4
TG 5 o B i 2 s PR G 1 S e X I, BT
AR i AL 2 AR 0 AT 152 010 8 38 P X A, B A5
T ARG ISR 7SOk [87] Hh, AR WK S B Ak e s
P TRl H A R A5E 2R 49 21 1B BE A 2, e
PRAYZE A A I A5 I P 45 381 42 2 1 M RE 4R
T, A RTIEN GOk X e AR T 2 A5 kb 1
. S AL G IRE T RIS E (K R 7 VE A ), 78 S0k
[88] 1, VEF AR T HRIBUE S . 4LV T i — I
SRR IR AN, — A0Sl T2 ST 5 A g T
AR A MR AR A e 7, A AR T — Rk TRk %
TR KR P L) P R BB BR B T, ST A
T B IR S, EHE IR L A B R
AWHTHIL, BIEFTI, N — N, A, &
AR i AP 40 PR, T B A B R S
FHISRAR T, T4 I o Bk e M AR S
R A2 A5 R KBS 1) 23T 55 A BT 100 R 4 A
FEAERINE LY e /2 (i
6 S

TEATSCAY, FoAT15 A4 T S A I o o ok
ARG R W R 5 (1 B R i, DA S B T 7E
BIG AL EE . TS LA DL R0 1 S5 A5k A5 2 S5 4 3y g 77
ISR A, FRATTET LA AT B X SRR SR A
HS IR Fy B R 2 Ak A B A T 2 s I8 PR o £ )32 Ak
Rk, T4 0 L R B gt /A R AUk R o ik 52
TE sl 5. R 0T 5 A0 B . T SR 545 7 T
PR 5 DA 3. SR T BB R 5 50, e n

R EAS 5 T AR BN OGBREBIAE . A A ST IR I S8
B, BT EATIAE G- A5 5 AU B 7 i 5
AR R AT B T i, XSS B SR
figp T DI i R i R S B ) N AR 3L T B
DRUERA ) TR R IS i i i FE Rk 5 /A AT
PR BV B2 55 s B 5 053k, e 4 v e A 5
KPR H A T A5 B, DA 8 2 i Bt R A T
ORI 0, AT Rl (1 0 it

References

1 Basri R, Jacobs D W. Lambertian reflectance and linear
subspaces. IEEE Transactions on Pattern Analysis and Ma-
chine Intelligence, 2003, 25(2): 218—233

2 Natarajan B K. Sparse approximate solutions to linear sys-
tems. SIAM Journal of Computing, 1995, 24(2): 227—234

3 Recht B, Fazel M, Parrilo P A. Guaranteed minimum-rank
solutions of linear matrix equations via nuclear norm mini-
mization. STAM Review, 2010, 52(3): 471—501

4 Donoho D L. High-dimensional data analysis: the curses and
blessings of dimensionality. American Mathematical Society
Math Challenges Lecture, 2000. 1—32

5 Candes E J, Romberg J, Tao T. Robust uncertainty prin-
ciples: exact signal reconstruction from highly incomplete
frequency information. IEEE Transactions on Information
Theory, 2006, 52(2): 489—509

6 Candes E J, Tao T. Decoding by linear programming. IEEE
Transactions on Information Theory, 2004, 51(12): 4203—
4215

7 Special section compressive sampling. IEEE Signal Process-
ing Magazine, 2008, 25(2): 12—101

8 Li Shu-Tao, Wei Dan. A survey on compressive sensing. Acta
Automatica Sinica, 2009, 35(11): 1369—1377
(M55, BT, R fEIkerk. AR, 2009, 35(11): 1369—
1377)

9 Yang J Y, Peng Y G, Xu W L, Dai Q H. Ways to sparse
representation: an overview. Science in China Series F: In-
formation Sciences, 2009, 52(4): 695—703

10 Elad M. Sparse and Redundant Representations: from The-
ory to Applications in Signal and Image Processing. New
York: Springer, 2010

11 Dai Qiong-Hai, Fu Chang-Jun, Ji Xiang-Yang. Research on
compressed sensing. Chinese Journal of Computers, 2011,
34(3): 425—434
(BT, FHEZE, ZR M . R4 oT. PR, 2011, 34(3):
425—434)

12 Eldar Y C, Kutyniok G. Compressed Sensing: Theory and
Applications. Cambridge: Cambridge University Press, 2012

13 Ma Jian-Wei, Xu Jie, Bao Yue-Quan, Yu Si-Wei. Compres-
sive sensing and its application: from sparse to low-rank reg-
ularized optimization. Signal Processing, 2012, 28(5): 609—
623
(Al 4R, BUERA, FUUM. H4isan S ILRH: ARG 4) S 5]
R, {55408, 2012, 28(5): 609—623)

14 Donoho D L. Compressed sensing. IEEE Transactions on
Information Theory, 2006, 52(4): 1289—1306



992

H Zl)

(4

£ 39 %

15

16

17

18

19

20

21

22

23

24

25

26

27

28

29

30

Taubman D S, Marcellin M W. JPEG 2000: Image Com-
pression Fundamentals, Standards and Practice. The Inter-
national Series in Engineering and Computer Science. New
Yoik: Springer, 2002

SIGKDD A, KDD Cup N, Workshop [Online], available:
http://www.cs.uic.edu/~liub/KDD-cup-2007/proceedings.
html, October 31, 2012

Candes E J, Tao T. The power of convex relaxation: near-
optimal matrix completion. IEEE Transactions on Informa-
tion Theory, 2009, 56(5): 2053—2080

Candes E J, Li X D, Ma Y, Wright J. Robust principal com-
ponent analysis? Journal of the ACM, 2011, 58(3): 1-37

Chandrasekaran V, Sanghavi S, Parrilo P A, Willsky A S.
Rank-sparsity incoherence for matrix decomposition. STAM
Journal on Optimization, 2011, 21(2): 572—596

Valiant L. G. Graph-theoretic arguments in low-level com-
plexity. In: Proceedings of the 6th Symposium on Math-
ematical Foundations of Computer Science. New York:
Springer, 1977. 162—176

Chen Min-Ming. Algorithms and Implementation of Matrix
Reconstruction [Master dissertation], Institute of Comput-
ing Technology of Chinese Academy of Science, China, 2010
(WRAgcsh. R AR I SVA S SEBL (22008 3], i Rk 22 e vt 5
BLECARBTIT, #H, 2010)

Zhou Z H, Li X D, Wright J, Candés E J, Ma Y. Stable prin-
cipal component pursuit. In: Proceedings of the 2010 IEEE
International Symposium on Information Theory. Austin,
TX: IEEE, 2010. 1518—1522

Ganesh A, Wright J, Li X D, Candes E J, Ma Y. Dense
error correction for low-rank matrices via principal com-
ponent pursuit. In: Proceedings of the 2010 IEEE Inter-
national Symposium on Information Theory. Austin, TX:
IEEE, 2010. 1513—1517

Combettes P L, Wajs V R. Signal recovery by proximal
forward-backward splitting. STAM Multiscale Modeling and
Simulation, 2005, 4(4): 1168—1200

Cai J F, Candés E J, Shen Z W. A singular value thresh-
olding algorithm for matrix completion. STAM Journal on
Optimization, 2010, 20(4): 1956—1982

Beck A, Teboulle M. A fast iterative shrinkage-thresholding
algorithm for linear inverse problem. SIAM Journal on
Imaging Sciences, 2008, 2(1) 183—202

Toh K C, Yun S. An accelerated proximal gradient algo-
rithm for nuclear norm regularized least squares problems.
Pacific Journal of Optimization, 2010, 6(3): 615—640

Lin Z C, Chen M M, Wu L Q, Ma Y. The Augmented La-
grange Multiplier Method for Exact Recovery of Corrupted
Low-rank Matrices. UITUC Technical Report UILU-ENG-09-
2215, arXiv preprint arXiv: 1009.5055, 2010

Yuan X M, Yang J F. Sparse and low-rank matrix decompo-
sition via alternating direction methods [Online], available:
http://www.math.hkbu.edu.hk/~xmyuan/Publication.html
June 25, 2013

Yang A, Ganesh A, Sastry S, Ma Y. Fast [;-minimization
algorithms and an application in robust face recognition:
a review. In: Proceedings of the 2010 IEEE International
Conference on Image Processing, 2010. 1849—1852

)

31

32

33

34

35

36

37

38

39

40

41

42

43

44

45

Yin W, Osher S, Goldfarb D, Darbon J. Bregman iterative
algorithms for [;-minimization with applications to com-
pressed sensing. SIAM Journal on Imaging Sciences, 2008,
1(1): 143—168

Rockafellar R T. Convex Analysis. Princeton: Princeton

University Press, 1970

Daubechies I, Defrise M, de Mol C. An iterative threshold-
ing algorithm for linear inverse problems with a sparsity con-
straint. Communications in Pure and Applied Mathematics,
2004, 57(11): 1413—1457

Daubechies I, DeVore R, Fornasier M, Giintiirk S. Iteratively
reweighted least squares minimization for sparse recovery.

Communications on Pure and Applied Mathematics, 2010,
63(1): 1-38

Fornasier M, Rauhut H, Ward R. Low-rank matrix recovery
via iteratively reweighted least squares minimization. STAM
Journal on Optimization, 2011, 21(4): 1614—1640

He R, Sun Z N, Tan T N, Zheng W S. Recovery of corrupted
low-rank matrices via half-quadratic based nonconvex min-
imization. In: Proceedings of the 2011 IEEE International
Conference on Computer Vision and Pattern Recognition.
Providence, RI: IEEE, 2011. 2889—2896

Lustig M, Donoho D, Pauly J M. Sparse MRI: the applica-
tion of compressed sensing for rapid MR imaging. Magnetic
Resonance in Medicine, 2007, 58(6): 1182—1195

Lustig M, Donoho D L, Santos J M, Pauly J M. Com-
pressed sensing MRI. IEEE Signal Processing Magazine,
2008, 25(2): 72—82

Duarte M F, Davenport M A, Takhar D, Laska J N, Sun
T, Kelly K F, Baraniuk R G. Single-pixel imaging via com-
pressive sampling. IEEE Signal Processing Magazine, 2008,
25(2): 83-91

Studer V, Bobin J, Chahid M, Mousavi S H S, Candes E,
Dahan M. Compressive fluorescence microscopy for biologi-
cal and hyperspectral imaging. Proceedings of the National
Academy of Sciences of the United States of America, 2011,
109(26): E1679—E1687

Wright J, Yang A Y, Ganesh A, Sastry S S, Ma Y. Robust
face recognition via sparse representation. IEEE Transac-
tions on Pattern Analysis and Machine Intelligence, 2009,
31(2): 210—227

Wagner A, Wright J, Ganesh A, Zhou Z H, Ma Y. Towards a
practical face recognition system: robust registration and il-
lumination by sparse representation. In: Proceedings of the
2009 IEEE International Conference on Computer Vision
and Pattern Recognition. Miami, FL: IEEE, 2009. 597—604

Wagner A, Wright J, Ganesh A, Zhou Z, Mobahi H, Ma
Y. Toward a practical face recognition system: robust
alignment and illumination by sparse representation. IEEE
Transactions on Pattern Analysis and Machine Intelligence,
2012, 34(2): 372—386

Zhou Z, Wagner A, Mobahi H, Wright J, Ma Y. Face
recognition with contiguous occlusion using Markov random
fields. In: Proceedings of the 12th IEEE International Con-
ference on Computer Vision. Kyoto: IEEE, 2009. 1050—1057

Kroeker K L. Face recognition breakthrough. ACM Com-
munication, 2009, 52(8): 18—19



7 32 CNNAE: R4t BRI R BRI H 993
46 Yang M, Zhang L. Gabor feature based sparse representa- 60 Parhizkar R, Karbasi A, Oh S, Vetterli M. Calibration using

47

48

49

50

51

52

53

54

55

56

57

58

59

tion for face recognition with gabor occlusion dictionary. In:
Proceedings of the 11th European Conference on Computer
Vision. Berlin, Heidelberg: Springer-Verlag, 2010. 448—461

Ma L, Wang C C, Xiao B H, Zhou W. Sparse representation
for face recognition based on discriminative low-rank dictio-
nary learning. In: Proceedings of the 2012 IEEE Conference
on Computer Vision and Pattern Recognition. Providence,
RI: IEEE, 2012. 2586—2593

Chen C F, Wei C P, Wang Y C F. Low-rank matrix recovery
with structural incoherence for robust face recognition. In:
Proceedings of the 2012 IEEE Conference on Computer Vi-
sion and Pattern Recognition. Providence, RI: IEEE, 2012.
2618—2625

Yang J C, Wright J, Huang T S, Ma Y. Image super-
resolution as sparse representation of raw image patches. In:
Proceedings of the 2008 IEEE Conference on Computer Vi-
sion and Pattern Recognition. Anchorage, AK: IEEE, 2008.
1-8

Yang J C, Wright J, Huang T S, Ma Y. Image super-
resolution via sparse representation. IEEE Transactions on
Image Processing, 2010, 19(11): 2861—2873

Veeraraghavan A, Reddy D, Raskar R. Coded strobing pho-
tography: compressive sensing of high speed periodic events.
IEEE Transactions on Pattern Analysis and Machine Intel-
ligence, 2011, 33(4): 671—686

Debevec P, Hawkins T, Tchou C, Duiker H P, Sarokin W,
Sagar M. Acquiring the reflectance field of a human face.
In: Proceedings of the 27th annual conference on Computer
graphics and interactive techniques. New York, USA: ACM,
2000. 146—156

Peers P, Mahajan D K, Lamond B, Ghosh A, Matusik W,
Ramamoorthi R, Debevec P. Compressive light transport
sensing. ACM Transactions on Graphics, 2009, 28(1): 1-18

Wang J P, Dong Y, Tong X, Lin Z C, Guo B N. Kernel
Nystrom method for light transport. Proceedings of ACM
SIGGRAPH, 2009, 28(3): 1-10

Huang F C, Ramamoorthi R. Sparsely precomputing the
light transport matrix for real-time rendering. Computer
Graphics Forum, 2010, 29(4): 1335—1345

Ji H, Liu C Q, Shen Z W, Xu Y H. Robust video denoising
using low rank matrix completion. In: Proceedings of the
2010 IEEE International Conference on Computer Vision
and Pattern Recognition. San Francisco, CA: IEEE, 2010.
1791—-1798

Ji H, Huang S B, Shen Z W, Xu Y H. Robust video restora-
tion by joint sparse and low rank matrix approximation.
SIAM Journal on Imaging Sciences, 2011, 4(4): 1122—1142

Karbasi A, Oh S, Parhizkar R, Vetterli M. Ultrasound to-
mography calibration using structured matrix completion.
In: Proceedings of the 20th International Congress on
Acoustics. Sydney, Australia, 2010

Parhizkar R, Karbasi A, Vetterli M. Calibration in circular
ultrasound tomography devices. In: Proceedings of the 36th
International Conference on Acoustics, Speech and Signal
Processing. Prague: IEEE, 2011. 549—552

61

62

63

64

65

66

67

68

69

70

71

72

matrix completion with application to ultrasound tomog-
raphy [Online], available: http://arxiv.org/abs/1012.4928,
July 5, 2013

Keshavan R H, Montanari A, Oh S. Matrix completion from
a few entries. IEEE Transactions on Information Theory,
2010, 56(6): 2980—2998

Wu L, Ganesh A, Shi B, Matsushita Y, Wang Y T, Ma Y.
Robust photometric stereo via low-rank matrix completion
and recovery. In: Proceedings of the 10th Asian Conference
on Computer Vision. Berlin, Heidelberg: Springer-Verlag,
2010. 703—-717

Wu L, Ganesh A, Shi B, Matsushita Y, Wang Y T, Ma Y.
Convex optimization based low-rank matrix completion and
recovery for photometric stereo and factor classification [On-
line], available: http://perception.csl.illinois.edu/matrix-
rank/stereo.html, June 25, 2013

Peng Y G, Ganesh A, Wright J, Xu W L, Ma Y. RASL:
robust alignment by sparse and low-rank decomposition
for linearly correlated images. In: Proceedings of the 2010
IEEE International Conference on Computer Vision and
Pattern Recognition (CVPR). San Francisco, CA: IEEE,
2010. 763—770

Peng Y G, Ganesh A, Wright J, Xu W L, Ma Y. RASL:
robust alignment by sparse and low-rank decomposition for
linearly correlated images. IEEE Transactions on Pattern
Analysis and Machine Intelligence (TPAMI), 2012, 34(11).
2233—2246

Wu K K, Wang L J, Soong F K, Yam Y. A sparse and
low-rank approach to efficient face alignment for photo-real
talking head synthesis. In: Proceedings of the 2011 IEEE
International Conference on Acoustics, Speech and Signal
Processing. Prague: IEEE, 2011. 1397—1400

Tan W T, Cheung G, Ma Y. Face recovery in conference
video streaming using robust principal component analysis.
In: Proceedings of the 18th IEEE International Conference
on Image Processing. Brussels, Belgium: IEEE, 2011. 3225—
3228

Zhang Z D, Liang X, Ganesh A, Ma Y. TILT: transform in-
variant low-rank textures. In: Proceedings of the 2011 Com-
puter Vision — ACCV, Springer Berlin Heidelberg, 2011. 314
—328

Zhang Z D, Ganesh A, Liang X, Ma Y. TILT: transform
invariant low-rank textures. International Journal of Com-
puter Vision, 99(1): 1—24

Zhang Z D, Liang X, Ma Y. Unwrapping low-rank textures
on generalized cylindrical surfaces. In: Proceedings of the
2011 International Conference on Computer Vision (ICCV).
Barcelona, Spain: IEEE, 2011. 1347—1354

Mobahi H, Zhou Z H, Yang A Y, Ma Y. Holistic 3D re-
construction of urban structures from low-rank textures. In:
Proceedings of the 2011 International Conference on Com-
puter Vision Workshops. Barcelona: IEEE, 2011. 593—600

Zhang Z D, Matsushita Y, Ma Y. Camera calibration with
lens distortion from low-rank textures. In: Proceedings of
the 2011 IEEE Conference on Computer Vision and Pattern
Recognition (CVPR). Providence, RI: IEEE, 2011. 2321—
2328



994

H Zl) (4

39 %

73

74

75

76

7

78

79

80

81

82

83

84

85

86

87

88

Zhang X, Lin Z, Sun F, Ma Y. Rectification of Optical Char-
acters as Transform Invariant Low-rank Textures. Interna-
tional Conference on Document Analysis and Recognition
(ICDAR), 2013

Ren J, Vlachos T. Detection of dirt impairments from
archived film sequences: survey and evaluations. SPIE Jour-
nal of Optical Engineering, 2010, 49(6): 067005

Garg K, Nayar S K. Detection and removal of rain from
videos. In: Proceedings of the 2004 IEEE Computer Society
Conference on Computer Vision and Pattern Recognition
(CVPR). Washington, DC, USA: IEEE, 2004. I-528—1-535

Angst R, Zach C, Pollefeys M. The generalized trace-norm
and its application to structure-from-motion problems. In:
Proceedings of the 2011 IEEE International Conference on
Computer Vision. Barcelona, Spain: IEEE, 2011. 1—8

Baraniuk R G, Cevher V, Duarte M F, Hegde C. Model-
based compressive sensing. IEEE Transactions on Informa-
tion Theory, 2010, 56(4): 1982—2001

Eldar Y C, Mishali M. Robust recovery of signals from a
structured union of subspaces. IEEE Transactions on Infor-
mation Theory, 2009, 55(11): 5302—5316

Bach F. Structured sparsity-inducing norms through sub-
modular functions. In: Proceedings of the 2010 in Advances
in Neural Information Processing Systems, 2010. 118—126

Mackey L W, Talwalkar A, Jordan M I. Divide-and-conquer
matrix factorization. In: Proceedings of the 2011 Neural In-
formation Processing Systems, 2011. 1134—1142

Liu R S, Lin Z C, Wei S M, Su Z X. Solving principal compo-
nent pursuit in linear time via [, filtering [Online], available:
http: // www.cis.pku.edu.cn / faculty / vision /zlin /zlin.htm,
July 5, 2013

Drineas P, Kannan R, Mahoney M W. Fast Monte Carlo
algorithms for matrices II: computing a low-rank approxi-
mation to a matrix. SIAM Journal on Optimization, 2006,
36(1): 158—183

Zhou T Y, Tao D. GoDec: randomized low-rank and sparse
matrix decomposition in noisy case. In: Proceedings of the
2011 International Conference on Machine Learning, 2011.
33-40

Zhuang L S, Gao H Y, Lin Z C, Ma Y, Zhang X, Yu
N H. Non-negative low rank and sparse graph for semi-
supervised learning. In: Proceedings of the 2012 Conference
on Computer Vision and Pattern Recognition. Providence,
RI: IEEE, 2012. 2328—-2335

Jhuo I, Liu D, Lee D T, Chang S F. Robust visual domain
adaptation with low-rank reconstruction. In: Proceedings of
the 2012 Computer Vision and Pattern Recognition, 2012.
2168—2175

Shen X, Wu Y. A unified approach to salient object de-
tection via low rank matrix recovery. In: Proceedings of
the 2012 Computer Vision and Pattern Recognition, 2012.
853—860

Ye G N, Liu D, Jhuo I H, Chang S F. Robust late fusion with
rank minimization. In: Proceedings of the 2012 Conference
on Computer Vision and Pattern Recognition. Providence,
RI: IEEE, 2012. 3021—3028

Zhou X W, Yang C, Yu W C. Automatic mitral leaflet track-
ing in echocardiography by outlier detection in the low-rank
representation. In: Proceedings of the 2012 Conference on
Computer Vision and Pattern Recognition. Providence, RI:
IEEE, 2012. 972—979

SN G S 2% N S AR Ak $E
B 0 AR, 2007 3R AL 5THE H K
222 2012 IR KA 42
B BT 1 AN, BB AL
PRIV RN S, A Gl SRR
E-mail: pengyigang@gmail.com
(PENG Yi-Gang Engineer at Na-
tional Computer Network Emergency
Response Technical Team Coordination Center of China.
He received his bachelor degree from Beijing University of
Posts and Telecommunications in 2007, and his Ph. D. de-
gree from Tsinghua University in 2012. His research inter-
est covers computer vision, image processing, and computer
network. Corresponding author of this paper.)

TEF WA HIRTIN. 2004
RN AR 222 24, 2010 SE3R T IE
BEE B B . Ry
1) A S B R 2 A SR LA

E-mail: jlsuo@tsinghua.edu.cn

(SUO Jin-Li Lecturer in the Depart-
ment of Automation, Tsinghua Univer-
sity. She received her bachelor degree
from Shandong University in 2004 and Ph. D. degree from
Graduate University of Chinese Academy of Sciences in
2010. Her research interest covers computational photog-
raphy and computer vision.)

BB PR AR AR 1996
GEY 7 ¥/ | N2y [ e VAN s 223 | e n o |
AT AL, AL A BT 2%, B
Ak 3538 A5 AT SRR

E-mail: gionghaidai@tsinghua.edu.cn
(DAI Qiong-Hai
Department of Automation, Tsinghua
University. He received his Ph.D. de-
His research interest

Professor in the

gree from Northeastern University.
covers signal processing, computer vision and graphics,
video processing and communications, and computational
photography.)

XL EERFEANRBER. 550
T 1970 4EF1 1980 AFEFRTE B4 LA
b2 47, 1990 4F3R 6 [H AL D h 2 Ky
3 = AN e 3 ) B DSl S R E et
IR

E-mail: xuwl@tsinghua.edu.cn

(XU Wen-Li Professor in the De-
partment of Automation, Tsinghua
He received his bachelor and master degrees

University.
from Tsinghua University in 1970 and 1980, respectively,

and Ph. D. degree from the University of Colorado at Boul-
der, CO, USA, in 1990. His research interest covers auto-
matic control and computer vision.)



