Ps. X. /N5

IV. ST SRR %

A.TLALE R (Matching Pursuit) 1% (ps. SR AREE, RBPRET])

B.IERRVCALE B E: (ps.i R ARSI REMEH)

V. B &R R

A ETEE BB AR ER (GPSR) (ps. RBIEMDE] + BB T

B. EET A4k N SR A AR R A

C.ETHMAFHE (ADM) KRB RN K (ps. TARBIZINR, ARJEXT38) ik B H 2 B R RAE)
VI B T40 B iR R SR

A RRESWAEET

B. BRI E R (ISTA) (ps. B RFILLUELALBIFRAER VI. 6 R, HERKBETFRE)

C. HUEEE ARSI (FISTA) (ps. ¥ ISTA o fi) BB SEAR RE 36 DUE SOV EL B, 10 L) = 20 (XTX))

D. 3B T4 B R S BUR B B M) (SpaRSA)  (ps. JBiE S¥ifit, SeBU ISTA Mikit)

E X 1172 JEHIETIL IR LA

F. WE T hikg B HEORMMRAL SRS (ALMD =DXHEF M Hokg B H 773k (DALM)

VIL 2T RREERNHRER

A.Lasso FIRSIE (ps. AW, FIATEE, RIEEF REARDMK, EFRARSHESHES)
B. ZiBER X5 (BPDN) MR HE (ps. EETHE AR ) Q\

C. ETREEIERZEEMME 11 Wutim /ML (ps. }Mﬂ%@ fﬁ.‘ﬁ@ﬁ‘li” )

VI BRI IERIR (MY, BB, P @@9& HARERE)
A. FHREIFHFHRHRRR \06

LW FHES S
a. 2T KSvD MBS (lo i, jc}{@wp REBA B 58, /NFF: KSVD RF BT RHfE)
b. 2T RILIRLE rizﬁﬂﬂﬁ%ﬂm’é‘?ﬂtiﬁb Cps. JRERLFEF, WFARLFE, CILE 12 45D

2B HFHES  (ps. YRt FHER W|th KSVD + #rRHFRBER A KM with OMP)

a T H 5 KSvD (DKSVD) HIFHEES]  (ps. TS+ HT R R+ R S B4 3] KsvD HiRL)

b ETHE—BHER KSVD (LC-KSVD) HIHAIRIMEFHEES]  (ps. D MY BIFRE—BUMERERE L KSVD 531D
c. Fisher HBIMF %3] (FODL) (ps. SIAIRERELE B E] f, Tl Fisher 5 83| g, HREH REMFH
B. ETRHBEERSH BRI

LETRHHRRES N RGBIPEREN (SRSR) (ps. B KA MREM+RHOPRMIE—I; &R —Bh:msm)
2. BT D] MR B REEL (SRMLD) ) BIR 23k (ps. 4 SRR SR 20 5+ R 3B 2 440 (14 DL 7 e 8 2930
3ETEPRAERS (CSR) BB RIBRLEBRIKE (ps. 3 BACEREW+FHE SRR REEHEIELD
C. ETHHERSNEBSE (ps HIRBBHERTFHRER/PH—F)
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AFRBRR ISR

AN 7 FFEME = AR 93K
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SRR AR SZIHRI, LA
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4. RS B RBEFRESH, AWEILRIWE. (ps QR NAFRIDIRERNES, 2HEH)
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FEARYERE d, FEAEE N, FEARSEFEX, FHA/N n(n>>d, Wd5E&7), FHER D,
RS
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FIGURE 2. Geometric interpretations of different norms in 2-D space [7]. (a), (b), (c), (d) are the unit ball of the
Ig-norm, I} -norm, I;-norm, Ip-norm (0<p<1) in 2-D space, respectively. The two axes of the above coordinate

systems are x; and X;.

NLAFESKRRER AR
AZT 10 TR R R R -

AL :
o = argmin ||y —Xuc||% st allo < e (II1.7)
a

B.ET 11 BB MR ES:

Lasso [v] /i :

L(ce, A) = argmin ||y — Xoe||% + Alleello (IIL8)

@ = arg min||y—Xoe||% st el =t (II.11)
o

o

1
L(ee, %) = argmin < ||y — Xal3 +alleefls  (ML12)
o £

CET Ip (0<p<1) FEHFHLR:

@ = L(a, A) = argmin |y —XO!II% + Jtllu!llg (II1.14)
o

D.ET 12 TEHOM 12.1 VEE ARG -
12 JERCR AT IRFEGE, 12 VE R A A e, (AR IR S ERIRGL.

& = argmin o] st [y —Xa|i <& (IL15)
i 2

@ = L(a, ) = arg min ||y —XOEII% +l||rx||% (I11.16)
[+

IV. oy 2 SRS B
FH T 10 Juskin) @2 A 2 DS 0 FE e, Fr OB sl o ok . B, 5 — B3R — ARl
e, TSRS AL 4 5 fe ol
A. JLECIERE (Matching Pursuit) &k (ps N R RBUE, RPEERT)
MP S79% = B — MM B R ) B AR ek 4, AR, B N AR B — AN T B B atom
VEN R AR A -
BRI B A Ay, H R BRI R RIRZE . RATA A

Ro =y.D = [dy,d2,--- ,dy] € RN

F

pai

R4 MP [ AR, AT H bR A
l{Ro.d,)| = sup|(Ro, d;})| (IV.1)




y=dyd;,+ R (IV.2)

I HAC AP MU S 5 ZE S T — P IR ZE . R, 78 t I 2000 2 T iR ey -
|(R;.d),)| = sup|(R,.d;)| (IV.5)

ZAR, d %—%R""‘]%EE‘JO AWHEA, BRI R ZE DA RS2 M RETEE A, JATIRAG (n<<ND:

n—1

y= Z(RJ d!j)d.’j +R,
j=1

B. IEXRILALBEREYE (ps i RAMRIIHREUE)

Algorithm 1 Orthogonal Matching Pursuit Algorithm
Task: Approximate the constraint problem:
& = argming ||| s.f. y=Xa
Input: Probe sample y. measurement matrix X, sparse
coefficients vector o
Initialization: r = 1,rp = v, @ = 0, Dy = ¢, index set
Ao = ¢ where ¢ denotes empty set, T is a small constant.
While ||r¢]] > 7 do
Step 1: Find thelbest matching samplg, i.e. the biggest
inner product betweenr,_y and x; (j & A1)
by exploiting A = arg maxjga,_, |{rr—1, xj)|.
Step 2:_Update the index set A; = A;—1|J A and
reconstruct data set Dy = [Dy—1, x3,].
Step 3: Compute the sparse coefficient by using the least
<3 _siq_uﬁe algorithm o0 = arg mun ||y — D;oe||%.
Step 4: Update the representation residual using
rr =y — D(&
Stepd:t=1+1.
End
Output: D, o

V. BE LR SRS

LIRS ESE APRIRAAAE 11 WBUE NI R &g Bl IR AR 21 11 ik
IO i U A DN T AT 3 B 20 R A T
A. ETHEBNBERER (GPSR) (ps. RPERSH + BETR)

GPSR S & — P THAFE N RRMIAL S &0 11 Y54k, GPSR ¥4-H 5t 1) 2 H0E 7 g+ Fi- [ 9 0 4

=0, —¢_, o,=0 a_ =0 (V.1)
T, 11 Jun) i oA
. 1
arg min L(er) = arg min ;II)‘ — X+, X |l — oe_]||%

+Jx(]§a+ + ]ga_) sty =0, =0

B2, ATLAEAL

) 1
argmin G(z) = cTz + ;zTAz s.t.z=10 (V.4)



where z = [egia_].c = Aly +|—XT':XT_1;I. loy =

T xT'x —xTx
Il,""ll.A: T T .
- ~x'x x'x

2d

i FIBREE T B 772 LA I line search, FAITA -

argmin 77! =7/ — o VG(Z) o! = argmin G(Z' — o g')
i P (VG ), if 2= 0 or (VG(E')); <0
B, TR 20, ER gt B AR &AM & = otherwise.
RABATE

)
(e TA(gh)
[A] I AT HE backtracking linear search (5K FEHTSAE X0 K BT 2h A R %64
G((7' — o'VG(E))y) > G — BVGE)HT
x@' — (@ —a'VGEYL)  (V9)

(V.8)

Algorithm 2 Gradient Projection Sparse Reconstruc-
tion (GPSR)
Task: To address the unconstraint problem:

& = argming 5[y — Xo[3 + Aflec]|

Input: Probe sample y, the measurement matrix X, small
constant A
Initialization: t = 0, 8 € (0,0.5), y € (0, 1), given « so
thatz = [, x—].
(CWhile)ot converged do
Step 1: Compute o’ exploiting Eq. V.8 and o’ <« mid
(Opmins ' Opmax ). Where mid(-, -, -) denotes the
middle value of the three parameters.
Step 2: While Eq-V.0 notsatishied
do of <« yo' end
Step 3: 7t = (@ —o'VG(E )y and t =1 + 1.
End
Output: 7' «

B. ETAPENA SR KRR EN
W AR — MBS, (R MR BN 1 Ak, TR SR T LR
IRV AL =T
TEER: BARIEHR- (A DARTE- (A2 >TLRTE- (FUE)-> e

| =arg min &

T D) e = D = Sy - Xel e
| & - /< + O & = :1rgmin%||y—X“II%Jr?L”g,Hl
A S— = argmin %II)‘ — Xa|3+ )LZ:L _0,.'2(2?50,. Oi
= arg min %II}' — Xa||3+ 1 _ar_lgl?gm. 2?21 %

. 1 N
=arg mn ;||_v—Xac||%+AZi,:1g (V.11)

—OiZe=0) L

st op4+0o; =0, o —0; =0

(psl. NELIRAE g BILHTIE) — 4K
KT K B A RAE” oy AR RE 7, 5] N—> barrier function B, {{(H:



& =arg min_ G(a,0)
a0 RN

||} Xot|| + Av o;—Blw, o)
2 2 (V.14)

Bla,0) =YY log(o; +a;)+ YN log(o; — o)

(ps2. LT B L 3 TIE)
T, BT —AN LA T
1 MR R G, kg A, Aol

Ao | IN
H[AU:I = -—VGa,o)e R

Q&—+v) =) P Gixp

(27%F BN 2R 4) Y,

= 3G Lr-w)
(V.15) dv

~v GW gl /=

HAH A BEEHFE (2Nx2N), 3l I T A 3L 4R 2 (preconditioned conjugate gradient) £.i%5K 1
2. PR 11 OB A bR B0 A AT AT ARG 5 - fﬂJ 8,\\2)_ + z/\,”“l.l\ |
a). 11 BRELHIRA% B H R O ’
& s®. j_)Qon g

Lia,z,

TR A% B A e O -

1
& =argmaxF(u)= ——u'u—uly 22< ]
2 (u) 1 ¥ & Y]

w)=z"z+ Aleelli + uXe —y —z)  (V.16)

st X Tuy <ri(i=1,2,---,N) (V.17)
b). RN FIPHK s FUSHE AT AT AR u .
u =Ps(y — Xa), s = min{a/]2y; — 2X Xa);|)Vi  (V.18)
c) . JER AR [a) EUR G 1a) @A) 16 S VA A -
g =y — Xal| +Allelly — F(u) (V.19)

3. [FIRER, 48 FH Y backtracking linear search MIZib%th Ry (T A-tsk 3 &= 5K
G+ n'Aa, 0 +n'Ao) > G, 0)

+ pn'VG(a, o) Aat, AoT] (V.20)

4. AR R AR 2R AR
¢ =min{0.1, Bg/llAll2}

ﬁqjh = VG(a,0). p is a small constant

Algorithm 3 Truncated Newton Based Interior-Point
Method (TNIPM) for 1, _I
Task: To address the unconstraint problem:

& = arg ming %Hy - Xoell% + Allee]|

Input: Probe sample y, the measurement matrix X, small
constant A

Srep 1 Updare the iteration point utilizing (@’ *1, ¢/ +1) =

Initialization: t = 1. v = % pe(0,05),0 =1y

Step 1: Employ preconditioned conjugate gradient algo-
rithm to obtain the approximation of H in Eq. V.15,
and then obtain the descent direction of linear search
[Ae!, Ac?

Step 2: Exploit the algorithm of backtracking linear search
i e optimal step size of Newton linear search n’,
satisfies the Eq. V.20.

+ (Aa’ + Ad’)
Srep 4. Construc.t fea.«,lble point using eq. V.18 and duality
gap in Eq. V.19, and compute the termination tolerance ¢
irEq. V.21.
Step 5: If the condition g/F(u)== ¢ is satisfied, stop:
Otherwise, return to step 1, update v in Eq. V.14 and
I=r+1.
Output: «




C. ETHMZEE (ADM) KIMHERTHEE (ps. TARBIAN, RJEXH) sk B H A& SRR

PRSI H R TER B R EUR: P(x, ©)=f(x)- ® *g(x)

B RAg W SR T AR HARBRAGE: P(x, @, r)=f()- ® #g(x)+ r/2%g(x) 2

BT hikg B H e TR A — X FLBUINI T R B u R R IR IR AR, EIEAUOR
Witk o, EAEET u AR, FIN R ASEAEE LR T A" RS TR T u B BAEE R
B, — Ao RIS RS R T

SINHBNASE s, KICLIRARAL s e N 2 A LA 17 o

1
arg min —||s o
arg min >—Ilsll2 + leel

ADM 5 P38 Sk B H 37 BEAT 20 itk AR BG4

st.s=y—Xa (V.22)

arg min L(a, 8, A) =
[

1
—IIsll2 + lleelly — A7
2t

X5 +Xa—y)+ %Hs + Xo —y||%

PR )5 ADM A2 R U 2R A B

iR o]
2,
PR

h lH-I — l.l'

_#I"Z-I

a' ! = arg min Lis™

= arg min L(s, &', ") ia)

La, A" by (V.24

_ .H'i-'-H_] + xn,r-e-l -y) ()

Hrp, (a) W s HU M-
argminL(s, &', 1') = —IISII2+II0f I —aH"
x(s + X' =)+ Slls + X! — I3
ZZLHSIIZ (f TH— ||S+X0€ -3
' — A (X' —y)  (V25)
(b) A alpha Bl TfiE:
argmin L(s"T1, a, A1)

|
= ;us”‘ ll2 + lleelly — AT

(st 4+ Xoo — ) + E s + Xa — yI2
( y) 2|| J/Hg_)

F =B =B I AL f(e), I 5] NRBIHE SR
argmin{flafl; + (@ — ) X (5" + Xa! —y — /)

1 2
— o — e
+2r” I3}

Algorithm 4 Alternating Direction Method (ADM) Based
Sparse Representation Strategy
Task: To address the unconstraint problem:

& = argming 3|y — Xe||3 + 7lleclly

Input: Probe sample y. the measurement matrix X, small

constant A
°=o.a°=o.x°=o<r =1.01.)

Initialization: t = 0, s
w is a small constant.

Step 1: Construct the constraint optimization problem of
problem II1.12 by introducing the Wr

arg min{||ec||; —

. _
s = 1 +,uq“U — pu(y — Xe') (V:26)

6+ X —y) + Sl X -y

1
= lleelly + 5||s’+‘ + X —y — M /ull3

= llally +f (@) (V-27)
T
(vas) @ =softfe’ — X" (" + Xa! —y — A /), ;} (V.29)

and its augmented Lagrangian function, i.e.
problem (V.22) and (V.23).
While not converged do
Step 2: Update the value of the s'*! by using Eq. (V.25).
Step 2: Update the value of the a'*! by using Eq. (V.29).
Step 3: Update the value of the A’*! by using
q 24(¢)).
Step 4:n(1 t=t+1.
End While
Output: o' *!




VL. ZET4RIE EE AR g

FIH AR ¥ (proximal operator), LA, MEULELE R B H — R+ i) L
A. RRESWHEET

PP B B 11 JE %A AT shrinkage operator (@M.

wb , (1)il e > 0, then h(x) = Ao + %lla — s]1* and its derivative
ot = min A(er) = Afler| +;|Ioz—s[|2 is I () = & + @ —s;.
fﬁﬂaﬁ Let h'(aj) = 0= oe"‘ = s; — A, where it indicates 5; > A;

U N I\I
< (2)if o; <Othenha — —5]|* and its derivativ
AN _ g (o) = ,wt+2||a SH and its derivative

i i Z““f‘ T Z )" is H(@)) = —A+af —s;

Let h'(ej) = 0= oej" = 5; + A. where it indicates 5; < —A:

where o* is the optimal solution of problem VL.6|3, (3) if =4 <5; < 4. and then ﬂtJ}k =0.

Si—A, if s> A
* _— ) y i - —" - -
o =\8+A, if s < —A o* = shrink(s, ). where the j-th component

> 0, otherwise op 18 shrink(s,1); = sign(sj) max{|s;| — 2,0

B. %ﬁqﬁl“fﬁfﬁﬂﬁﬁ& (ISTA) (ps. B REILMFEABIRER VL. 6 TR, HEAWRSGETFRE)
T H M B R S 1) H AR R R

arg min F(a) ——||Xa y||2+,x||aH1 =f(a) + Ag(®)

ISTA @ISR e A VIL 6 TR B fai 8 11 Y8 BUR AR SLIK
1. FIZEHREIFIEML £ (@), Sedsas SR o AN 12 S8 B0 T i1k i ok «
fla) = fla") + (@ —a" Vfa)

1 t\T I3
+ 5@ — o) Hp(a') (o —a') +--- V(@) = X'(Xa —y) and Hp(e) = XTX

= ’

1
f) = SlIXe! —yll3 + (& — ) X" (X&' —y)
e T
widics o1 PR 1P o) XX (e — ') (VL10)
> Wzd 2
2. BRI TR e L, PRI F R

1
Qe ) = SIXa' —ylI3 + (e — o) XT (X' )

1
2
_ . , - + ==l — '3
If the Hessian matrix Hy(e) is replaced or approximated in i

the third term above by using a scalar %l. and then = %HX&" —y||% + %Ha —o'+ X7 (X —y)ll%
fle) = %HXC(I —yl3+@—a)Y xT(xa" —y) - %IIXT{th’ -»I3
+%(oe—a’JT(oc—oc’):Qf(a,a*) (VI.]])_) = %Hﬂf_— (@ —tXT (Xa' —y))|I5 + B(a')
ol = arg min %"a — G(OCIJII% + Alleeflt (VL14)
o5 Where 6(a’) = af —tXT(Xa! —y). (ps. ﬁﬁa"“ = shrink(0(a"), 27) 52351 5 i)

N y N \ ; — T
C. POEIEARKLEEIE(FISTA) (ps. ¥ TSTA o FI S SR AR R T ADME BN BB, 16 LU = 2hmar (X7 X0y
. L .
fla) ~ %"Xof —yI3 + (@ — o) X T (X' —y) o' = argmin B flee — 9(0‘5!)”% + Alleefly  (VL16)

L T 1 I
+E(C€ —o )V (e —o)=Pilee,a0) (VL.15) 9“’[’13]‘3 g(a.lf] — a! _ %XT(X(II _y)
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IR, FISTA 93t — 35 Bkl S e, T

Algorithm 5 Fast Iterative Shrinkage Thresholding
Algorithm (FISTA)
Task: To address the problem @& = argminF(a)=
FIXe = ylI3 + Allells
Input: Probe sample y, the measurement matrix X, small
constant A
Initialization: 1 = 0. 1° = 1. L = 2Anac(XTX), ie.
Lipschitz constant of Vf.
While not converged do
Step 1: Exploit the shrinkage operator in equation V1.7

to solve probl€n
. a2
Step 2: Update the value of p using /! = %

Step 3: Updale iterglion sequence e’ using
equation VI

End
Output: o
D. BEArEIELREIABEN (SpaRsSA) (ps. BESH T, LI ISTA FIBEE)

SpaRSA 1] LU fif i — > ISTA [ Btk i As, & 3@ ISTA F /b =4 & (by worm-starting technique)
RO 250 INA 2k i) B SR PR (T fUME (by Barzilai-Borwein spectral method) EsZH.
1. @ik Worm-Starting Technique SEfL4L S5 A
stmmt. However, Hale ef al. [86] concluded that the technique
that exploits a decreasing value of A from a warm-starting Ay
point can more efficiently solve the sub-problem VI.14 #eaf 5,where y is a small constant. {f =Y —)(di:f‘

2. BB Spectral method J712:RIT Ll B SEFE [ AH Hre)

= max{y[IX"ylloo, 1)

1
7+l

o1
arg min || —(«' ™" —a’) — (Vf(@™") — Vf )3 .
T For problem VI.14, SpaRSA requires that the value
(@ —a"T(Vf () — Vf(a')) a decreasing sequence using the Eq. VI.18 and the

- (il — @I (@+] — @l) (V1.20) value mlrjsnoul(l meet the condition of Eq. VI.20. The

Algorithm 6  Sparse Reconstruction by  Separable
Approximation (SpaRSA)
Task: To address the problem
& = argmin F(a) = %llon —yll% + Alleellr
Input: Probe sample v, the measurement matrix X, small
constant A
Initialization: t = 0,i = 0.y = y. %I ~ Hy(w) = xTx,
tolerance & = 107,
Step 1@: max{y [IX"y/[lo. A}.
Step 2: Exploit shrinkage operator to solve

+

problem VI.14, i.e. a'*! = shrink
(o —'XT(XTa! —y) o).
Step 3: Update the value ofusing the Eq. VI.20.
Step 4: If ”“H:fif"’xn < €. go to step 5: Otherwise,
return tostep 2 and i =i 4 1.
Step 5:28' =y — Xa'*L é{'ér?_;/
Step 6: If &, = A. stop: Otherwise, return to step | and
t=1t+1.
Output: o




E. X 1172 HHCIETLHIFF G
F. BT hudk B H B pthibsing (ALM) D3B3 hokk 53 H 773 (DALM)
—AIM: X T HARREL BN AR B R B H e AT R B

A : A
= || + _—Hy—Xoe"% sty-Xa=0 arg min Ly (e, 2) = Jlelli + 5[y —Xa|3+zT(y — Xa)

SRIG AT MRS B 5 (ADMD 2RAuL, ﬁﬁuﬁ%ﬁzkm JFE:

o' = argmin L, (e, 2°)
) A
= argmin(||e||; + Elly — Xﬂtll% + @) Xa) (V134
z1f+l — 7 + Ay —XG!I—'_]) (VIL.35)

5, 5 ADM fe’ T SRARTTEARE, ALM FH FISTA 83k sRfme’ ™!,
~-DALM: N, FRAE ALM J7 iR v = argmin oy s.0.y = Xoo L) (g (B A4, i i
1LEEXHMNME SR :

0, xef
00, X € Q2

I =
By = x € RV | |lxll, < 2} g oW

237 9 IR BERHL, 5 A Libie 5
g = inf{flerfl+4" (=X} =2y — sup{A” Xa |||} 1}
o

> g =ATy— ]Bgc{_XTl) the conjugate function ofIBéO{S} is [lee]]1

, Where

min —ATy st.z-XT'A =0, zeBl,

Az

3. AELIEAH N HE T A% B H RR 2
arg {nin Lk, z,n) = —lTy — ,uT{z — XT)L)
T

+%H~—XT1H§ st.z€ By, (VL43)

AL AT AR ACK ARG ho i B H AR AR & (Lo T 2, SBRig, PR BT 508D
1+1

7! = arg min L, (A%, z, ")
z€BL,
0

T
= arg min {—p” @=X"A)+ =)z =X A 3)
Z€B,, ‘o =

1 . 1
e e O N AT = argmin (.2, 1)
= arg min{— |z — i 25 ( T
gell (2. T s (l—é-b) _ argmin{—lry+(,u’)TXTl+?||z'+1 _XT)L”%}
A

1 - 2
= BBLC(XT)»’ 7+ —llr) (V1.44) = Q) (V1.45)
— ¥

where Ppi () is a projection, or called a proxi or, Take the derivative of Q(A) with respect to A and obtain

For example, let x = ). then the i- mponent of A = exx Ty ex ! +y—Xph Ler.4())
solution x satisfies x; = STgm(u;) in{lu;, W=t = x T (VL4T)
Algorithm 8 Dual Augmented Lagrangian Method for — Step - Apply the projection operator o compule
I1-Norm Regularization 2 =Py (XN + 1 Jﬁ : "'&JJ)
Task: To address the dual problem of &=  Step2: Update the value of A’H = ”XXT

(tXz 4y —Xph).
Step 3: Update the value of '+ = p'—
c@t — XTA,

arg ming flefly s..y = Xa

Input: Probe sample y. the measurement matrix X, a small

constant A°. Step4:t =1+ 1.
Inlt.lallzatlon: I =0,e=001, T= HX— u’ =o. gnd Wh'lle .
While not converged do s utput: @ = pu[1: N|




VIL 2 F REEERRRER
UERFPINEAMES, WA RN A KR B FE S8, JREEMEE R RES T TR, EHES
A. Lasso FEH¥E (ps. AWHR/N, FIATEE, RARFREARDIK, EHRACSHERFES)

1
& = argmin |l|; sty =X« (IIL.9) @ = L(o, A) = arg min ;||}-' — X« II% + Alleeflr  (ITL.12)
o of

BN MR FEZET N, AR 0, 111, 12 PR S IZEIE R 111. 9 M. [ReHEIEIRE: 7178
AEIXAN AL R R R AR AR I
B, NFI11. 12 3RS, FATA

aL — . .
— =—X"(v—Xa)+rdl|alh el :{GERN‘H’_Sgn(“"’ "‘f#o}
Jo EEP Gic|—-1,1], a=0

’ ~

FIAR U 43 SARF A B R 19 support index Ml sign. ATMEHHEHMES . Xa 8% support atom.
MR 111, 12 19 KKT etk 648, BA15 -
FHE: L X 3

r — Al T. - p
T support #5415 %=0 XAy —Xa) =y | Xpc(y —Xa)|looc =2 (VILD) —/b“"‘g\]klyﬁf |-5 ,ﬂ%%‘/ﬁ )

oAb ol - at™
m%ﬁmWWMHMWMN1m**L%ZF@%%%@%E<%ﬁﬁﬂ%%ﬁwﬁk*ﬂwﬂ?ﬂﬁ/”w

X'y—Xeo)+eXIxs =G.—ou (a)

lp+1gllcc <A —1 (b)
& [a)

N, PG RS AL AR
LS 19

pdhe vector of residual correlations.

— vT(y _ T
,Where..g_x Y Xa).g XTxs

XI'xp8 =u > L= {DT otherwise

< BT AY

MBI E WHERP KT (SIORAR AR T =" g i ID
o (ﬂg @i \
T, = Mifje

(VIL7)

A—p; A +p;
1 —xngAS,r1 1 +x3rXA5;

i

1';+ = MiNjeA¢ (
i

) + (VILO) and
Ho, Pio= X0 - xep) M) g os pgp et g EE R min O, T RRIRINCR TR ANE K, T
FRMETE T MK,
3. AT RIS N, M+ = U+ T8 GrsaB K,

7. Sﬂ)% Aty picht
i

Ei

-9 _JL = Tslila, ko
Step 5: Update the support set:

%'f/— If 778== 7" then

emovy the i~ from the support set, i.e.

Algorithm 9 Lasso Homotopy Algorithm
Task: To addrss the Lasso problem:
& = argming ||y — Xall% s, Jally < e

Input: Probe sample v, measurement matrix X .

Initialization: / = 1, initial solution «; and its support
set Aj. L \7{'] Ajp1 = AN
Repeat: ! B else
Step I: Compute update y using 714'4“53 dd the iT into the support set. i.e.
Eq. (VILS). :D
Step 2: Compulei and r;” by using Eq. (VIL.6) and e ':'

Eq. (VIL7)

VLTS T ) End 1 ’__g 3 Jt
Step 3: Compute the optimal minimumy Step6: i =1+1. QH%T' :

using 7" = min{t;", 1, }. Unti Tiy ‘I iﬁl 9?)
Step 4: Upd‘lt\f using o741 = o D/m¥=-n
’ - Updat=m5omtion a1 py using - Output: oy

+1;48;.




B. 2B ER X6 (BPDN) MR HIE (ps. EETHE AR )
BPDN [l Lasso [Afe H ITHRET LRI RN, s/ MESD K, SO A REREIMIE . 7
HIXAAET, BPDV [EEEED I E AT S FEC R TR, TR P Ria Ui

" { (XIXA) XLy —dw),  on A

0, otherwise (VIL10)

Algorithm 10 BPDN Homotopy Algorithm
Task: To address the Lasso problem:
& = arg ming ||y — Xoe||% + Aleelly

Input: Probe sample y, measurement matrix X.
Initialization: [ = 0, initial solution g and its support
set Ao. a large value Ag. step size 7. tolerance &.
Repeat:
Step 1: Compute update direction §;.; by using
811 = (X‘{XA)_ uj.
Step 2: Update the solution @41 by using Eq. (VIL.10).
Step 3: Update the support set and the sign sequepeeset.
Stepb6: dpr1 =M —v1.l=1+1. 2] L‘\'Z'S o]—a/?
Until A < ¢
Output: a1

C. BFAREEOZBEIMNEG 11 R ML (ps. WEW S ESHE W)
ST P AIAR AT 11 650 M BB bR BRSO

N
. '
argmin_ || X e fyII% + ZWHN:‘\
< i=1
A
corsy YT e where par s & and o are both small constants
E*REE@E%}???Y%% leg;| + o , where pd]"dmeter.‘s A dnd o are boin small constants.

BT FAE S IR 11 JE K/ Mb E bRk 0 :

N
1 .
argmin —|Xe — I3+ (1 = o)w; + o)) e
- i=1
Horprwi and Wi g3 511 st s [ B R AR KU
ﬁﬁ7 EE KKT %14:’ ﬁ:

x{-T(Xa —V)=—((1 —ow;+owju; forie A (a)
|x:-T(Xuz -y < (1 —o)wi+oW; forie A (b)

1 J 3k ] parameter changes from o to o + t in the update direction 8. i k5 & 16 57 55 34 5 261099«

XX —y) + X[ X35 where u is the sign sequence of o on its support A,
=—((l—W+oW+t(W—-Wu (@ Pi= x,-T(_Xa -y q = x{-TXé. = (-ow+ gﬁ}-
p—tql <r+71s (_b)’ and 5; = ﬁ-‘,‘ - W ‘Q\d-d)ﬂ/i ‘fU’\j&‘-

|
V4
*A S Ok, B TR RN T =i g i hAdR

. rn—pi —rn—p
= mm,-em-( TP Th p;)
gi—Si qi+58i )

(XIXAYI(W —Wyu, onA

3;2{0 herwis T, = Mifljcp (_;,xg)
BREEIT ' omerwise . ghRrp K U7+




Algorithm 11 Iterative Reweighting Homotopy Algorithm
for Weighted /;-Norm Minimization
Task: To addrss the weighted /;-norm minimization:

& = arg min %llX{x —_'.-'II% + Wlee|

Input: Probe sample y, measurement matrix X.

Initialization: | = 1 initial solution o and its support

set Ay, U[_O WW Eﬂ{;’

Repeat: TN A Uy _'}‘
Step 1: Compute update(direction 5;)[’!)-‘ using

Eq. (VIL.17
Step 2: Compuy using Eq. (VIL.16).
Step 2: Compute 7,” and 7, by using Eq. (VIL.18) and
Eq. (VILT9),. —

Step 3: Compute the step sizg’z;")by using

T =min{t, 1, ).
Step 4: Update theby using oy =

a; + 144
Step 5: Update t:

If ;" ==T7, then
Shrink the value to zero at the index i~ and
remove i, i.e. Ajp1 = A\

else
Add the iT into the support set, i.e. Ay
=N iT

End if

Step6:ojy =0+ gand!l =14+1.

Until Oipl = 1 o E
Output: oy :) %6\'

VIL RS IERNA (FiE], BRAE, BBRSR, BREED
A. FREIDHRBRRS
MR R 1) atoms SR PR, —RIETHERENES, N MEETHINES. BEhTREZR
P, XILEESGEEE . W, SR R LB, 2.7
FULEE ST H bR R R

are min ii(lm-—DLII%—FRP(x;))} where @ = {D = [dy,d2,---,dy] :did; = 1
“Dex | N i=1 2 , i=1.2,---TMI(Mheremhyﬁotbeedualro l
1LEWEF#ES]
a. T KSVD RIS B3] (10 63, KIF: MP REFUL B 51E; /M3F: KSVD RFHFMNEH REUE)
SEH R 10 FEAULE, FLHRAL B AR RO % e MX]

arg rgi)[(]{"}’ - DX||%} s.at.||xillo <k, i=1,2,--- N K’z‘-lf).,.- av4
N, A DA X, ESE, [EEFI D, B4 HARREHAE -

argmin |y; — Dx;-||% st lxilo<k,i=1,2,---,N
Xj

R ARIXAN 10 Vi B SR M7 27 (10 SR A R S A8 S v 1 (120D DL ACIE R 5% oMP S
SRIE B EMBLAERE X, A7 88 Do XA TR B bR ek 0 4L -

:my%wY—Dﬂ@

>

=) > fo 7] = N = -I- o T Ty—1 N j
W rekminziy, D= YXT = YXTXX™ oo gapr sk, HOM),



9, F KSVD KA 8, H B FIAHR atoms 1% R REUE GEFEAIEMAES RE&).
H AR R A -
" % e/ VA
D = arg mgn Ny — DXII% = arg mDin Ny — Zd;x}“} K-(‘:I,')_,.- -\
dxn/ dw AW Ay Ly =1

. : T
= argmin||(¥ — Edjxj ) —dix] |7 (VIILS)
J

ksvD ¥ it ikt = Y — XX | oS i atom R atom KERI M KX . G,

T ARUE X AR B, KSVD 7E SVD #AE rh, (UEREUS A X1 AR A7 B (MR 22 E R R (RIE & T RCdx[s])s

YUET R (x|s]De s AMATREH, WEHIA atom MFEARIRTD. SRFEXHEETR M MEE BT SVD

oy, E= UMV, meamgdiy U s, TXOHBIALE (s &) MEEHTN VIS S x A0,
Algorithm 12 The K-SVD Algorithm for Dictionary

Learning
Task: Learning a dictionary D: arg minp x | ¥ —DXII?,T
st lxillo <k, i=1,2,--- N
Input: The matrix composed of given samples ¥ =
V1. 92 s Yml-

Initialization: Set the initial dictionary D to the /,—norm

unit matrixy i = 1.

While not converged do

Step 1: For each given example y;, employing the classical
sparse representation with /p-norm regularization
soleproblem VIIL3 for further estimating X", Wm
set! =1.
While [ is not equal to k do

Step 2: Compute the overall representation
+ ‘" Y= Yjudpi.
- Step 3: Extract the column items of Ej )
W [\ﬁ WWM%@ ,E’d‘?ii CM@
elements of x; and obtai
—_— -
Y35

ﬂ\ Step 4: SVD oses EI into Ef =
Uavr.

Step 5: Update d; to the first column of U;

—
respor

and update cor E(_::)din
. X byA(ﬁl)

coefficients in X
times e first column of ng\ ]
Stepo: I =1+1. X
End While
Step7:i=i+1.
End While
Output: dictionary D

b BT RMARR MRS TR EFHES] (ps. HHVHR, HEALFI, PULES 12 45
LLC FIN T R S BB A AR, AT ST 12 WA R, o2 B br s #0h

N
argmin " lly; — Dxill3 + pllb0 xill3
Xis i—1 dl'-sf(‘}'i:., D]

r T ) b_;j:ex ( )
Vxi=1,i=12,--- N (VIIL6) | Hrh o » JBT R (MxD.

5.1

G, MR B H] K-Means JEEFRAG RIS PO AE 7 e D, 84 FRATAT ASRATi R T A



i = (Ci + p diag*(b)\1
X = J’E{/]T.‘i‘:g

I

B2, IR T AALE S), BATH T H bR £

. 2
argmin Y " [ly; — Dxill3 + pl1b-0 xill3
x D £ = L]

=1
st 1Tx; =1, Vi ,Vj

Algorithm 13 The Incremental Codebook Optimization

Algorithm ¥l
Task: Learning a”dictionary D: mﬁmmhgz 1 ly;i—

Dx;ll3 + pllbo Xill5 st 17w =1, Vi 45115 < 1, V)

Input: The matrix composed of given samples ¥

Iyl'!yz's s
Initialization: i = 1, ¢ = 0.01, D initialized by K-Means

S IN -

clustering algorithm.

While 7 is not equal to N d

Step 1:
Step 2: Update locality constraint

Step 3

Step 4: Exploit the LLC coding algorithm to obtain x;.
pilaiielid S
Step 5: Keep the set of D', whose corresponding entries

G
i

, p6: l,lp_d‘.ll.e\f_e‘(p]omn arg max ||y; — D"x,-llg

b'
tep 7

Initialize b with 1 x N zero vector.
arameter f_}.with

for Vj.
b—byin

: Normalize b using the equation b = 4
- OLHEIZC 3

Max hmm

of the code x; are greater than g, and dm

other elements, 1.e. index < {j | abs{x;(j)} = €}Vj

and D' < D(:, index).

srlx,fl

usmfr a lessnal gradient
lescent metnod \mth respect to plob]em VIIIL.

Step8:i=1i+ i=it 1.
End While
Output: dictionary D

where the operator a\b denotes a~'b,and C; = (DT — ]y,r)
(DT — ]y,-T )T is the covariance matrix with respect to y;.

g 1=

V22 xX—C
AB; « —28;(x; — B;&;). p
DB — B; — pAB; /€2,
id) — proj(B;)]

2B RES (ps YIS FREF with KSVD + 3R HPHBRNKM with OMP)

e B 1) S T RS SCEIUR G (1 s A, (HR AN — ey B T itk

PIR2E R il B R s A g

a.ZE T R 5% KSVvD (DKSVD) [¥)4L2>)
DKSVD 5 KSVD X B4 T,

5%

ﬁlﬁll/‘-FX

LA SRR, XA A B g B TR 8RR

RIS, LT — AR, 55 HOURRZEAERE, DKSVD ) H Fn ek S R«

(il(' X) =arg mm ||Y DX||F+;¢|\H CX||F w‘/g

- -

+lClE st Jxilo <k

In consideration of the KSVD algorithm, each column
of the dictionary will be normalized to /3-norm unit vector

JAC

D . .
and ( ) will also be normalized, and then the penalty

term |\C||:,’:- will be dropped out and problem VIIL.12 will be >

(VIIL11) ;}?3\’4'%‘4
"‘ii”j ;Hsb- >

(D,C,X) = arg mm |(

Cps. FHEE ST+ R R s+ A S B 43 KSvD AR
BRI T 25 BB HAR BT . AL E 74t

ﬁc)xllF

(Z.X) = argmin |W — ZX|3 st xillo <k (VIL13)

ot
where W = (J;H)‘Z = ?V\V:nwl,(;lfb

> RN R KR

2], MR

At JAM

‘;1/ v ('Dg‘[ P N
JiH

+7]\|C||p st |xillo <k (VIIL12)

o et

1/i.



AHEETF KSVD, DKSVD G T YIZRAN 432N AT o TEVIZRIATT, DKSVD 1% Vill.13 N A KSVD Kf# )5
BBl wW, H—1kiz, LLR X. Mz H4REE| D, CJa, BATX DAl C EHFIH—4b. FEAHEARBEHI xi:

di d> dy
D =d|.db - dy]=[——, ]
o) PR ST a1 ol
C’*IC’ cho oo ¢ Ii[C_l 2 C_Ml
/‘bwiw SRR I a1 2
x; = x; x |dil (VIIL14)

FESPRIAAT, WTIREAS, AT/ HAMER R (HIEAILEE B OMP):
& = argmin |ly; — D'xi|3 st |xio < k
WRIG, PR RSEIER O AT 7 K15
label = C'" x X;
b.ETHR%E—BEH) KSVD (LC-KSVD) HIAIFIMETFHES]  (ps. DAY HIFRSE—BMEAERE L; KSVD #HEY)
MRS PR AERE L SRR 1 o A AN 2 73 S8 I — MR & B A U AR R I AR B 2 A D 5
BEAT - MR 3 2R 25 B REAR ) 5GBS ) o LC-KSVD Y H AR BR80T

(D,A,C,X):argDTiCnX||Y—DX||§~+u| AX |} Sé%nt—w:d,

o
+nllH — CX||3 st |xillo <k v ™ b

& b_[ %’“
and L is a joint ]at{] mtrix for labels of and'(D. For 1100
example, providing tha{ ¥)= [y; ...¥4] an [dy .. .d4] matrix I can be defined q@ I 1 0 0
where vy, y2, d) and dp are from the first class, and v3, v4, d3 . ‘ ) 0O 0 1 1
and dy are f S d class. and then the joint label 0 0 1 1

FFERT, 2348 DKSVD 2 KSVD HI#kfk, FATT AT LUK LC-KSVD %4 3 KSVD FIsR A TE 2

vnH NELe
FH KSVD Kf# G, alLAormixt D, A, CHEATIH—k. FHRIHBIZ G023 (OMP) . BARI R

Y D
., X) = argmip T — ZXI3 stofxilo <k (viLig) Vel = (Jﬂ)'z = (ﬁA)

di dy dy & — aromin [l /12 ! )
D =1d,.d - dy=] , e I xi=argminl|ly;, — Dx;ll; s.t.|lx;llo <k (VIIL20
PR TN Tl dul - S ———0m f
C P T ay The final classification is based on a simple’ Tinear
A = lay,dy, - ay] =] a1l Ml predictive function
¢ 0 oM .
C' =1} ch -yl =1 , I | =argmax{f = C" x ;) (VIIL.21)
T Ml g s ’
c. Fisher B #EF 812> (FDDL) (ps.BIAFFEREAEEE] £, S Fisher 583 g, #REH REPAFHD
R T IEAMIBRZEAS B Fisher HFIRIPE(E B 21722 SIRESE . )™ XCHBRERECN - v 0
J
J(D,X) = arg ng}i)?{f(}’, D, X))+ p|[ X + ng(X)} Nwﬂ;%ﬁ}%

. My
K1), FODL HREAINIZS, HEAT class by class 57 L5 B AR BRZE 7 kM. B Y R(cboNi) RS RE AR o
T4 R X ROV 2258 1B R, ST ROV 26X b8 T2 2K 10 atoms

—FE RISy . D' R(dxMiVFRZE T30 B T4 2500 atoms. 4 1T LA 7 AR ER S0 T -

. )
. ; ; re f(¥'.D X") = |} —"t‘b?(‘ll2 + IIY‘/—aD*J'{-‘II2 +
J(D,X) = arg Y',D, X' X ﬁ == L i
( ) =g nt)l,l)?(ﬁf(_._'__—)-—i_ 'u'_!__”_l i IIL‘IFX;IIJQE nd Sw(X) and Sp(X) arethe withinclass
I= ——
Catter of X and between-classscatter of X, E—pﬁcfwe[y.

BERANF B A 7 B atoms (11 5CHK
FREUSATRE/DN, Rl E] Di (K

+n(ir(Sw(X) — Sp(X) + MIX )




SRJ5 » FDDL {E 5 MANRR i &on g i Re b, #2237 — R — e tidb.
B, EE T D, M AHME TR, RS (1 o RIMBEER Xi:

J(X') = argmin (f(Y', D, X) + | X'|l; + ng(X"))
Xn’

AT T AT wa ML vi2 . . < — I e
o 8K = X0 = Milly = Xy 1M = MR+ MIXE - s g 4255 260 I REAS R B30 BT A B2

B ERAZ BT SeTHED . b IEAS 11 i ) a) DU iR AP R B R A
SRIGIEIE X, JRARA I 38 f T SE AR 12 JEEOK 7 I, PR 128 (1 o 2RI1 atoms Di:

J(D) = argmin(|Y — D'X; — ; U{illw;
@A% + 1Y — Dixiz + Y 102
JA‘\‘E{;’:N\’“_/T‘_J ; Jil £
B. ETHERDSTEMR A
FE T s ) PG AC B VA o )i A HEZE .
S15 B MG X 43 1 S K patches;
S2./ i D, SRJEXHEE—) patches KEUT FALAL I @, DIFRIS 2471 patch HIME R R:

o = argmin ||, 5.1 [Jx — HDallg <g Jorb o IEALAERE, O<ep<el

S3. MM B K~ @ fl2 3L D, FEHIAHPLIMY patch: ¥ = Da,

S4 M4 E AP patch IEIFELINLE, AFFRIESXE, MMREEANE-HEIZ X .

S5.4 X=X", LUHrEMG NEM IR, HEE 148
1LETHHRRA N ERB S FEREM (SRSR) (ps. 3 (KA HREM+ R FHRMIE—T: £/ —BHEE

B TE P BB 7 Dol , 43 5IAREK ES patch TEAR D HER AR PRI 74 . XRIY ) HACE
PR AR PR A G . X 1Y 53 BIAREARR MBS patch. [Hk, T7E—Fhuoe R, BIY = £y, 3t
W, WURY B XE TR AL =24, AAmtA: Y =SBX, o, S and BRER T N REEE T FIER
TEPAS AR EARM AR .

SRSR R AT = () /5 70 1% 20 MR DT DL v 73 e 7 b ) atom ZPER IR, IR R an ™ 16 H br ok 4

x=Dpa s.t.|ea|g<k

T 3% NP-Hard, SRSR K H 4k Sy 11 JE % i) 5.

argmin [la|li 5.7, [x — Dpeel5 < e

SRSR i1 2 ARSI AU R AR : 5T R A AR 7R (LMBSR) + 42 Jr B A4 ) — S 1t 1 ik
S1. LMBSR fEAI 7 #F B R Exb i — AN EUR patch E47 5 T U R AR B R 7
argmin ||Fy — FDierl|3 + Alleellt ) oo F g i 42 BT

[, 4 1 ORAIE 41T 3R A B AR 7 HF 2R H1 A patch FHSE T CU3RAS B9 2RI AR 70 #F 22 H M patches AH—L, SRSR

Wt 7 B AR R AL
argmin ||| s.t. ||[Fy — FDje||3<ep; v — LDpa||3 <ea

Forp VRR AT ORI 0 R & patches 5 Y HT EL E A patch [EZ 5> LR RIEICYHT patch

MZEZH Y. #—5, ERXATDHLFEDN (ps. T3 D ERRZ AL AT AT CATHSRf 2 (1, B AR &)

2 y = Fy}’mdD—[FD’]
argmin [y — D3 + Al ﬁqjy_ v |F = | Lp,

CHRACHEL 6 AT DIEAT F HED)
Fo=FLOTL fo=f1 | SR 3 fOHORSERh, SHRABPRIELI 3G M8, AR R
Fo=110,-2.01], f,=f5 | ff, 5 6x6 WIBRAVIES . AR YERIEIGII 90 KRS IEH.
HEAT PN, A Dl resize, WEUURAUR, A DI 2 7 2




BT AR 11 YRR A8, BT L Z BTSSR g . 25, 8o PR KR patch 5t
ALk X = Dha®,
S2. SRSR #EAT 4= Jay AL ) — SO PEHE 5 LAV R S1 ml BEF =AM s . RIS — B3RS AR G X0, A
X* =argmin || X — Xo||3 s.1.Y =SBX
Xy e 4 B B A v 20 R IR

Algorithm 14 Super-Resolution via Sparse Representation

( Input} Training image patches dictionaries D; and D,,
aTow-resolution image Y. 2
@ver apped 3 x 3 patches y of ¥ usinL
algorithm, from left to right and top to bottom

Step I: Compute optimal sparse representation R\J :TX ):‘]_‘E'j —@w

coefficients a* in problem (VIIL32yZ=—"

/Ny ThE
Step 2: Compute the high-resolution patch by x = Djee* }E %

Step 3: Put the Eatgh x into a high-resolution image XQ
in corresponding location.

Step 4: Compute the final super-resolution image X* in
problem (VIII.33).
Output: X*

2ETF M KRBRR TR (SRMLD) ) IR 2 Bt (ps. 2 AR K AR L) 3+ 5 BR B A4 B L -7 6 4150
T E B B SLPRE SRR AE S, AT IR 75 A% B A R 4 R i B A
23R HAn R x IR — A patch, I J5 i (patch) A4 [] SO i 2 4B DU SR 30 20 HROORAF

argmin|lalo s.7.Dae =z  argmin ||Da —z||5 + Ao
o or o -

NI, SRMLD 257 740K H b ek 3.

arg min 8x — vl + Z |Da; — Pix||3 + ZA,Ha,HO
i=1 i=1
Horb, AR THEEx FAHRIY patch. B EE — T2 2/ INARCKAUSR 20 0R,  ER B A BE x 7254k
5 FaEA S S y AR, (E[R] S S AL BRI AR patch S 2 SR8 A 1) DU B e 38 2 A 2% A
FAA 3 MR, TRUAE kAT IR .
Bl e D MR, ik BN
M
arg min 8||x —yII% + Z | Dot — ZH%
X i=1 \EPZ = P,‘x

A GRS T A IR, O ) P

M -1 um -1
X = (Z PTP + 51) (Z PITDtx,- + 5y)
(VIIL.38)

i=1 i=1

SRR R SRAH 15 TR R x, R4
M M
arg min Zl |Det; — Pix|l3 + ;}wna.wo

M NS, BT BLR A M AT BB SR AR o IF HoH1 72 10 Ve, 3RATTAT L@ K-svD Sl
A D TR



Algorithm 15 Image Denoising via Sparse and Redundant

Representation Over Learned Dictionary

Task: To denoise a measured image y from white and

additional Gaussian white noise:

arg minp o, 8=y 3+ 0 [Dai—Pex| 3430 difleriflo
Input: Measured image sample y, the number of training
iteration T. -
Initialization: 7 = 1, set x = y. D initialized by an
overcompletm
Whiler < T do

%/ﬁ_ Step 1: Forgggp image patch Pfngnploy the KSVD N
Ddgbm vim AL

algorithm to update the values of sparse reprédentation —
\ solutio@(ﬂcﬁ?ﬂespomx D.) >’f:- v w{k \\ A\
Step2:t=1+1 \/ﬂ’b\(\ﬂ W‘m\-\u \, g
End While C& .? qj[] " =
Step 3: Compute the value of x by using Eq. (VIII.38). N \J d\\
Output: denoised image x \/‘J/L AB\/\\E
3 ETHF MG (CSR) B M ITIER L EHRYSE (ps. $hs BALFHR AR R G0 R IO L)
P —EIR M EG y, WATATLAFR . ¥y =Hx+v, Ho HORIBIE T, x NIEHEIR, v mliE.
B it PSR DA [
@y = argmin |la||; s.t.|lx — De|; <e (VIIL42)
ay = argmin ||| 5.t |lx — HDe|]3 <e  (VIIL43)
o R BRI R S BUR ORR FR R, O For B B LB 5 (0 56 TR (i e 8K
B R, A B I Z R AT e/

oy = argmin [y — HDe|[3 + Aleefly + jeloe — et

B, BT x £5, BRAVBEEZEFREGORME. E2, BIAMBEE—8I-G2H, 5T patchi, 2HMRE
EHAL patches. FAlTAT DL i B VLA K 3R 15X L similar patches, 3K75 patchi AHALH) patch K2 (f1FEi
), AR, Hrhgl ORI REAN% . RIG, A TR X LBl patches fIRER F i
FTIORL, RITAZ4RT patch i R R /RIS, BIEle],

0= D _ wici where wj; = exp (—||x,‘ — x,;;||%/h) /N.x; = Do, xjj = Dotjy

1eQ2; ,
RIG, RN AL H b & Bt T LLS O
M

oy = argmin |y — HDall} + Al + 12 Y llees = 6
|

KRy, AT DS S PCA Tl (K similar patches 3X75 R &6 PCA 78 B FH A4 =7,

Algorithm 16 Centralized Sparse Representation for Image 2J/2p* 2J/2p*

Restoration A= 5 and p = _—
Initialization: Set x = y. initialize regularization param- Siep 4: Compute the "onlocalmeans estimation of the
eter A and . the number of training iteration T, f = 0, ypbiased estimation Oﬁby using Eq. (VIIL46)

0 . . o
6" =0. N _ _ for each image patch.
Step I: Partition the degraded image into M overlapped Step 5: For a giver T compute the sparse representa-
pzltChE‘i — —_— . ) “’ ’—p%-
N tion solution, 1.e n problem (VIIL48) by using the

Whilet < T do

Step 2: F @ dat = extended iterativd shrinkage algorithm in literature [ 184].
. dac iy atcly. d C 5 a -
ep 2: Foreach image patch, up le@&ep(x!:t—l—]

dictionaryJor each cluster via k-means and PCA. -
: ame End While

3: Upde gularization parz S A -
Sts.ep Update the regularization parameters A and p by Output: Restored image x = Dor'*!
using —
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Algorithm 17 The Scheme of Sparse Representation Based
Classification Method
Step 1: Normalize all the samples to have unit /2-norm.
Step 2: Exploit the linear combination of all the training
samples to represent the test samplem
[1-norm minimization problem is satisfied
. o’ )= argmi S,
Step 3: Compute thesentalion residual for each class

/) —_
ry=|ly — Kit;)l5

where o} here denoles the representation coefficients vec-
tor associated with the i-th class.
Step 4: Output the identity of the test sam

label(y) = arg min;(r;).
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