AN—=REFVUDICLD
a5 — 5 Rt A\ DR

h+E RE2
WRKE SATALRHR
RIEXE RKBRT-—INFT—IF7FIFTA IR H—

11 A 8 H(X)



B8N : AtEEREE

2009.3 RRAFITFEFETHITER GRS AFTLAO—X) 3
2014.3 RRAFAZFGeFhmEEEIp B FZARR BE@EIFENET
2014.4~2017.3 ERRAFAFEcHrEEal kB FiArTil

MHRARE, FFEMmisas [R/\—XETFU>T] HERRE
2017.4 ~2017.9 EIIAFRRAFEANDE - MRAFTHAE

BT EEBEMRIATTHLR  NIMS/RA RIAFTRE
2017.10~2019.3 JSTEESNITEEAREQORRAF
2019.4 ~ 2020.2 WRAFAFZEHESEIkBIFZRTR BhE

2020.3 ~ FUEKRFESI AT ABIRSR HEBIR
HEARR : BANZEDBFADOT —SEREfIFEA
K F Y E Rl x
. o\ QL—E/L:LILT
%ﬁ;‘& ?;'




Jm— S - SPring-8
W it (i) S X IR
WFIRPYF—: ~3Ge\_] il wwu>J0
DML HN DO [:w:m#— : 8GeV ]

SPring-8, SACLAT — Rt (VALY
gc:;‘:%ﬁﬁ-@ (2010%48~) 4554 KE (APS) . BN (ESRF)

100f5D1EHEE % (19904E4~)
—KCHFETD VOB

s (20005F8~)
S, (LB, 21X, AR,
M. pE (EiE) | NS

EAOR X iREG

RMES (Bx)x23

100keV
WX (~2 keV) il UL RS Sl i (55220 ke V)

-----------------------------------------------------------------------------------------------------------------------------

| SDDS
(ABOPE5ERS)

§ - u.,—.. * g § - & A_r: ~ ' - i-“: \- g{
. : I f - NG, 2O / .. :: é . ey . é {—L.‘ﬁ: .~..E" E
M Vs Y RTIRE_S3ER E?ﬁ;\"{ _ B =S B A MR §

e . »
----------------------------------------------------------------------------------------------------------------------------

Q
o)

https://www.gst.go.jp/site/3gev/41110.html

FimaT(C R DMBRFEDRTD



BT —9 (C K DM BRI ORIGEARICFEITT

RHAA=I>T

I*i‘;f;;*““’g' ORI | 1A T EETECo (T R M L) 5 i % AR R

U ElER

P
] (=oAL 3\ <

. o
——— X 00 "
; N g\ r - o
/ - A \ 5
/A Y
’l . %
( s /)

AT ERHUET DEFRDHAA—2>D

M. Tada, et al. Phys. Chem. Chem. Phys. (2011).

STEDT - 2N - ASSET : Tan, Yuanyuan, et al. The Journal of Physical Chemistry C 123.31 (2019): 18844-18853.

L..\H'*,&%'*ﬂﬁmﬁi%%mﬁ
RKDERE)T VI LTARL

3 SR PL AT -

BIK SV AIIIHIRAI & AIRAME

= 9555%2@%\14511:7 9ER)

100 pm (|‘37MIRAI)

Ce valence

(¢}

®
w
¥

Low High

Ce density /a.u.

Matsui, Hirosuke, et al. ACS Applied Materials & Interfaces 14.5 (2022): 6762-6776.

EHEHHDOARS P 1L E EIR
RS REEHH O RISIEBARLHIHORICKREILERT




Tl A 2 AR T A DAICKD,
Foima Al DRI RIEDEZTE

75y o h— L EEEE i %> 1k D I 1 O R HA S T

HEDHEEERATE D |
BEXtEMER AL

Msmﬁﬁjyﬂ :Lﬂ}fz

S

v

The Event Horizon Telescope Collaboration et al.,
Astro. J. Letters, 2019

XA /88 T LA
(ACA)

AN—=RAEFT U 2D &> THELE UREHARA L2 T/BAADIBE K



FERODMN

1. Z)\=REFU>D
> BT —HICHITDRI—%
> 17508 (C KD EBYF =R

Cf. Data-Driven Science and Engineering: Machine Learning, Dynamical Systems,
and Control by Brunton and Kutz

> R\ A—F 4 >0 ERRATRDMUED T
2. )\ —REF U TICKDBETFFREGUIE
3. RIN—=REF YT (CKDEBEEEAT
4., XHRIR s miESE > AR
AIN=REFT T (C K DYIBEERIM L

L L




%7 —5 (C3513 3 R/ — &
> — S EMJ 1 X

yVaveIet coefficients (log,,)

_o's -

-1

-1.51
-2F
-, wavelet o |
- | transformation
’ : ;’;-;"

= = = —3': 2 . 6 8 10 12
- 106
! . [Roberg and Waki:l(, 2007]

6




%7 —5 (C3513 3 R/ — &
> — S EMJ 1 X

Wavelet coefficients (log,,)

-1

-1

wavelet R

o N transformation -
. - ! s c 3 10 12
MEH ... -

! . - [Roberg and Wakin, 2007]

7




%7 —4 (C3513 3 R/ (— &
> — S EM ) 1 X2

Wavelet coefficients (log,g)

-o. --!
. ...
-1

0 2 . 3 8 10 12
2.5% 10
[Roberg and Wakin, 2007]

8



%7 —4 (C3513 3 R/ (— &
> — S EM ) 1 X2

o Reconstructed image from
Original Image 2.5% coefficients
. v, | § A E v, y =

[Roberg and akin, 2007]

LEDOIT—TLYMREREIZEST, ERMNRIEAEE
(T—ZEHaH AT BE



%7 —5 (C3513 3 R/ — &
> — S EMJ 1 X

BRI 5

; THE s g
Ja B :
& -~ Db 0\ : 1 o |
e | oK)
g o .. 4/ “.. 4 4
3 . ' "
; \ I\ \ ; " LS

P ERRI = 4 (Total validation) IZH [T A A/N—R S TFE

10



BT — Y ICB1T BRI — e
> — S E ) 1 Xk

JAXANBRETES

Flux

rrrrrrrrrrrrrrrrr

3%775\)%&

K (R/¥—2R) f}> - BRESEAYR

2 3 4 5 6 -0.2
eeeeeeeee 0 1 2 3 4 5 6 1 1

eeeeeeeee




Flux
A b N L o -4 N ow o~
T T T T

J—UIZEH( IRz SR

1RITTD 7 — Y TEZWIZDWNTEZ D

§ignal & Data True Power Spectrum

12
08
¢ : 5 06
S
< 04
02
0
0 2 & 6 8 10 02 1 2 3 4 5 6
Tige Frequency
Signal ()= E(al. cos(w;t)+ b, sin(w;))
i=1
W, = 2t b, =1,b,, =1 Other coefficients =0 a,
" NAt
a2
tl | tl N i tl | 1 tl v : \\ %
y, cos(t,m, ) cos(t,wy ) s.m( w,) s.m( wy) : /;%ETE/E#&
¥, cos(t,w,) -+ cos(tywy) sin(nw) -+ sin(nwy) || ay

R R b X

Yu cos(t,w,) -+ cos(t,wy) sin(tyw) - sin(r,wy) || b

HIE D

12



AN=REFVUD

[ =HAl>— 5 y] ===t > IR - BIEL x]

¢ JE0
=D, -+ b -
[®, EE]

M RNN—REFTUY |
BIEZEENH ) \—Z(0H'Z L))

ODIBFIEHEE LN, 2R <
y—ECI)ixi +)LE

\ F—IDERERK A\ I 13

~N

[ Tibshirani, 1996]

E(x)=

X;




sTAIDSBIESEHEEN
BEZERDSEEFEN

(—Ii ?RI

T—RY tﬁéfﬁeﬁiﬁld) 75\6 TR &x Z KD B

ﬁéf*b
E(x)= y—E(I)ixl.
T — X DB 7\/\—7\73
|
|
75 < ﬁf@ t [AJEF (1

;E;FYD
E(®,x)= y—ECI)ixi X, :cpq)




HIEFH : ”‘—’5’73“5%7' BEZHMS
ECI)X +)LE|x

EHRK[Olshausen & Field 1996] i Dr—2JLwvhk

-.
.-

BEOHH

Zl \—X

£ o /e
2= - geaay / /70 ~
Q) 25} 4 5 Q

/, i 60
% 94.% / /50 Q)Co
1 ke B
) P “, g
1 26 : % 9
8 Fr vep : /20 §°

4 ncy(k/"lz)w 5 10 °J°

& /A [Terashima et al., 2013]

Bt —AICELD T, HUBREEDEIRNEE 15

U"’""aa




FERODMN

1. A)N=REFVU>D
> @1%%7 FCHBITDRIN =X %
§|J ﬁﬁ‘—t (C J:éﬁ'fg@ﬁ EQEEFEE L

Cf Data Driven Science and Engineering: Machine Learning, Dynamical Systems,
and Control by Brunton and Kutz

> ZA)\—RA—F«>70
> Z)\—REFTYU2TC KD TF T REGFUIE
> ZIN—REFT VU > J(CKDiBEHGEEZAR

2. BRMTS—4& EARATREER

3. k&8

16



SVD(singular value decomposition, 2 E5) 2

—Eﬁﬁﬁﬁﬂﬁ) ERVEESH S OISR E T

SVDUSEEDR) THULSNBT—9XEZUTDOLDICEET B.

R R N
X =[x1 Xy xm]
RN R .

(X € CV,n > m) BEEG R — &

https://navier.energy.nagoya-u.ac.jp/group.html

xTIEFIRT MLIC BRSNS —IMBINSND. BAERS
=1l —>3 /%i%@%ﬂ%yud)j_ gb\ Xk (CHIXRT NILEUTA
D. ChOxp2AFvIT2 3y hEER, CCTlEn » m&ETB.

17



WRT —S DITHNDfE -

X=Uzv'=|u .. u,

= g uqV1 + o U V5 + - + 0, U, Uy

UERFERNT BNV, VZEERFENT N, o1 .0, ZFEEETA.

UVIZIZ=HUITHI(X € C*). Z(EIXIAEITE.
FEBIMEDOARZTWECTATHD, ENENIEEDEZED.

0y =0,=>0,>0

HRERENAY MUVEBEEEIEICIFATWS. qu,mHEEEE
RBRZERLUTED, RICEERER(Eo,uv5

SVDTIET—AX(Zx U CRIUEZITHNT (CETEL TV, 7—
A X B (I Z0(CHIR D) LI (ICSVDZEIT D DA PCA(FERK
DN THD.

18



1 MOE & T —5&SVDUIEEE(1/3)

r=100

100% 0.57% 2.33% 11.67%

rdfE%5, 20, 100&ZE =2 CTruncated SVDEEE UFEREN
TOESTHD. DT — SDiGE, FEEIL1500EFET B.

ZORDDOITN1.67%DIEREANBRITTS, BHRENRDHE
BICEBRENTVIENDN B,

19



1 MOE & T —5&SVDUIEBE(2/3)

w WA
Y OEEEE

Bl LR, Fhouv)
RERIEDAREVRICouv; 2L UTTIER THD.

01U,V (FBEHRD EDIAD (CEPEMNER L TLDIDOMNZERLTH

4

BEEENTIABICONTRIDHN EOHZD(CEBNEFRLTLD
DM RBTND T ENDND.

20



1 MOE&HFT—5&SVDUIZBE(3/3)

Singular Values Singular Values: Cumulative Sum

10
107 0.9
10° 0.8 1

07 A
10° 5 06 1
102 el

0.4
10" 1 0.3 -

0 250 500 750 1000 1250 1500 0 250 500 750 1000 1250 1500

FREEDE(E) 2R L, RYOBTEEIHEDARSMEZFFO T
%\Z) EHDONS. DFDRPDEHEICEBLBERN G D ERIRT
D

BDISIIHFEXRERUCED. TEEKRD11.67%THDr=100
23T, #I80% BB CLDENDIND.

(553 . 101/ ;)

21



LN DERH 5
(1/6)

Mean-subtracted faces
Person1 Person2 Person3 Person k

241014

5 — Q‘CEEﬂ: UfZBEEIRZFIRT )L E U TKEAMBISHAEA
TWE, T—H9X%/Ek9ID. COFT—FXICxH UL TSVDZEEGUL
fﬁﬁrﬁ fr%ﬁf\/j NLZERDDCEHEHEOCLTHDE, YIERKRE
LTCIFPCAZITR D TLS).

>—A%ZSVDUIBE

22



S DEERT —F&ZSVD U IS

EigenFaces(FE 2 U)

BENEXICHUTSVDEEILL, ERERT NLIZES. 22
T, COEMRDUEE(CEigenFaces(EBER) &M,

CDEigenFaces(32410DEUROF (CHDHIE UTFEIC K DB
RENd.

23



PC7

S DEAEIRS

—~ &SV
(3/6)

DUZIZS

. ® ¢+ Person 2 100001 » . o L ¢
J 1 *
3000 . 0’0 . . 4 Person 7 A RN ot . :A o
2000 v . bhe  ta o
1 L) | . A
b oo 5000 R \
1000 R . Lot i .
REIMA “we Lo LN ~N by at
Py § o8 * ¢ O 01 ¢ ¢ a
| . * ¢ o . A, A (a8 * . N Y N
° o o A, 4 b0t KR SO
A
G el ~5000 oAt
—1000 1 , R A . Ak :““: . “ w Lty
a R . ¢ Person?2 ¢ . “‘ .
— 1 A — E L4
2000 oot 100007,  person 7 . ¢
A ¢
~4000 —2000 0 2000 -1.2 -10 -08 -0.6 -0.4 -0.2
PC6 PC1 le-12

266, 7TOBEIBERZ2RTTZEBICTOY FMUEERMN LK TS B.
Person2&PersonTh EFEL DEEU CLWBENER TED. LML
F£1,2BZBDOEBETCRIBROEZITD &8I BE

=> BADsEHAI E WLV D EBIICEHL

VC. 2B6,7RHhiE

SHHRRN.
BU)ISHESIRD
24



S DEERT —F&ZSVD U IS

Singular values, o,

(4/6)

106.

P —

EigenFacesl EigenFaces2

100.

10—3.

10—64

10—9.

3 " _31'3'03f¢56
107
/~\1__CZ)4LT1£Q

(B, 20UEL L)

EigenFaces5 EigenFaces6

BIEVCE DI,

E Ed)}—l’/ﬁ\ot
j VIRZHNT D
L -

0

500 1000 1500 2000

%XBHZDEEEE&: LT, SYIOBEBECIEE COEEIBEDYEENE

x0,

NI DEEEAC (EA DMV EMNER > TLB EEX S

N3 (BiEvwE, BOR, RERL).
TDR, ECOALBORHENESFTND I EEHOBBEATIINEE

1725

Eb‘n‘jjﬂ%fckb\ 5



%ﬁmﬁﬁrﬂ{%‘“—ftsvn Ltima
(5/6)

r=25

=400 = 800

SEONTHREIE, 2D MLOFREENSrEfER U T X Mk
DBBRZITIEDIZ.

r < 200X TEHpE DR <BBERHRTULRULAY, 400 < rdpfzDI(C
133 ER<BBIRHERTVWDSIENITND.

26



SYWODEHEHRT—F&SVDUIES
(6/6)

Test image r =100

W]ZZ

= 200 = 400 . = 800 = 1600 -

a )
.t

FIT, ESNIZERDEALSIOEERICT U CEBX THD. Sia
DHFT(E, ROBEURENTF— ) DEFZT X MEBRE L, BIEK
ZITIE D TULVZ., H(Tr 2 800(C73 D LIEU S BBRRER TS
Wahd.

DEDEMITDRIC(E, AUNDERICEILE T DFFHNESNT
WD ETMD.

27



STEM-EELSIC KBS U > A1 A— K&t
| CRIEE IS T 2 HERHE

AA =2 Vaye RS W, EEHDARIML H,
a) b | |

SiaNg

JAX
+ n

»
INTENSITY ™

(3RTT — &)

BT — LITRNF
TRILFE—TORAE

12 % ) .
~N Jo It b
waigm 1 Flx| =A\W|x H lIK
% 0) ) N

}ll: BRITTT — & Vr, ZRIEE ARy bV

Shiga, Motoki, et al. "Sparse modeling of EELS and EDX spectral imaging data by nonnegative
matrix factorization." Ultramicroscopy 170 (2016): 43-59.

&mE&aT,%ﬁﬁ?—@ﬂBEﬁﬁﬁtZNah»&ﬁﬁﬁ%f%%ﬂ?%vm



STEM-EELSICX 3>

a) b

SiaNg

INTENSITY ™

U325 A4 A— K&l

Al

110 120
ENERGY LOSS (eV)

Spectra

—Comp 1
——Comp 2
- Comp 3

110 120
Energy Loss [eV]

Spectra

=—Comp 1
= Comp 2
—Comp 3

110 120
Energy Loss [eV]

SVD(=PCA)
I Y T ([CABRIR
A—=\—-5SvITHED

ANRD MLVEARBEA

e

EELST—H DRHZIRR S
&3 [CHFIZIZIE

TN RO Z,
BE3RZHWTE> RS,
ZERBIE & ANRD MV
DIF[ELLTNAS

(Non-negative factorization, NMF)
+

R ED 2R
(NMF-SO-ARD)

Shiga, Motoki, et al.
Ultramicroscopy 170 (2016): 43-59.

29/10




€5 )L = REMOTBIBIED

XAFSA X —

Model electrode

o Acetylene Black

@®LiCoO,

Polyimide film

SPCE

L-XAFS

Nakamura et al.

& J. Phys. Chem. C, 121,
L 2118-2124 (2017)

Al current collector

Model electrode

Observation .~
area

Transmission X-ray images
(7700-7740 eV)

Carry out for
all arrays

@ Co K-edge XAS spectra

Discharged
Pt Peak topi'_. : -
Energy I Charged

Normarized absorption/a.u.

| |

I
7700 7710 7720 7730 7740

Photon energy/eV

Reaction distribution

Extract Co K-edge XAS spectra from the selected array
and put the peak top energy back to the array



NMFIC L B HEDERMYY E> D
ZEBEICRNY 5 RENHE
XASA A= Vs ZRBE XAS spectra H,

X o + n

BT L —LZREFT
I —TORNE

k1 2% <

WILRR T _]‘: =

N non b : _

w ag C(2|\ V=AW H lIK

zZ R L

5 D

o — — e . ° AN
SRTLT—A Vs, ZREE A7 MRS

Tanimoto, Hiroki, et al. "Non-negative matrix factorization for 2D-XAS images of
lithium ion batteries." Journal of Physics Communications (2021).



FERODMN

1. R)\=XEFU>D
> BT —FCHITBDR/IN-R 4
> 17508 (C KD EBYF =R

Cf. Data-Driven Science and Engineering: Machine Learning, Dynamical Systems,
and Control by Brunton and Kutz

> XIN—RA—F+4 20 ERAFTRDAIED T
2. ZAI)\—REF V> TIC KB FFRREUFULIE
3. RIN—=REF YT (CKDEBEEEAT
4. Xﬁ%ﬂ%&%ﬂﬁ%ﬁ?—@ (CXF T B
AIN=REFT T (C K DYIBEERIM L

L L

32



BARER—RIZHITS
AN—RIZRIF AR/ EEIZDINT

| Lol (PN
IRErF Naw

FTHEL. AN
IREF. U

/8 755 Fgt 7 g
A BNy

d

> FERZ. NV FITHEILTRET S, =1L, LERD
MEEZRELT. ENEND/N\VFEEHIED

28/32



Ny FUE L5 E (= BEDIEH)

BERNSETID B UI/Ny F%
B E DR TITLL

-0 69x-+0xn+0 25 % [ + -+ 0% g
HEl  HE2 HIE3 HEK

- / &.lo \\l NENSEEERVENSE
=R ‘-Uﬂ"‘ el |
AndV 7 N B

- ,"uwwllul —“AAENE
BERICAWS T BRSNS NN DN

HEDRHH
NBEERNNRAETND RS

o e yHE = ‘l ZPEEIS MM A SN
] NEEELN T MEA=O
|..N A LN [

N MM N, K

TN kT

34



HRD A\ —ARIRA

AIN—ROA—T 427 B ERA/N—RGEETIEM
TELHSOITHEFRFE T HE[Olshausen & Field 1996, Lee 2006]

e
2

HK]

D

BERMNSYIDHULE/\Yy F%&

B E DR TITLL

~ 0.69>< ™™ 1 0x EM +0.25 x5 + -+ 0x i
HK2

HK3 HEK

RENRT NLDOKERD
DERDEIEEO

AIN—A

35



BEFE : >—9h5BEEEZHD
y—ZCIDixl. +12|xi|

E(®,x)=
IH[{5k[Olshausen & Field 1996]

Jr—JLw b

NS
o 22
22\ I

FEHOIEEY | oo )y ) BEOHIS

= A [Terashima et al., 2013] S

RS —FICLD T, BUREBEDREIRNEE



BEFEDEVERRAFRDAEDT

BEER(IJ—VUIZEHR, Ox—JLv hE#), A)\—-XiEREE (Lasso)
> BE (I3®HE2) (IEE. —Bostll>—4 THEAtralEE

EmM D24 (SVD, PCA)

IERMEITIINAEE (NMF)

> BEMNEHE) (EHETERFEZTS.
HEWEEDOHNT—YZ2RANS

> BA—RT—IDF7T—F (UL THER

AN—=RDA—F1 >0
> BE(EHE) IHAORRFEEZITS
INY FICB T TREDBHARESRRE (‘_3(1 LTEBZ1T5
> AT —I)VDREDERICH UTERD.
> BEHRLEB(CHITSARAEDFL

EBFE, Vision Transformerss

> BEE(EEHE) ZIEREZEZ ANDD, FEulhE

> BRABRFEDHEFESNTUVSD, BEAHKFCIIELDHIRXI(CHUT
BEENMKETSHD, KREDT—IHBHEI(C.

37



BEFEDEVNEERARDALUED T

WER(J—VIZER, D1—J Ly hE), RA)\—-RRAZENRE (Lasso)
> BE (IFEE) (JEE. —EOEHT—5 THEREEIEE

D2 (SVD, PCA)

JIEQMETTSIDEE (NMF)

> BE(HEHE) IHAORBFEEZTS.
HEWEEDOHTNT—YZ2RANS

> B—AT—IDF—F(CHULTE®

1. —BROEAESELELRE

AN=RD=F1 2D EEZAL, ZA/N—-2J—
> BE(RNEE) (TRH0MNFIZET5. T4 27 (BEFR) &35
Ny FICRFTFBETS > RANGFEZEATES

> AT —VORRZEREKICHLTEE. DRELL, XEROBEAR
> ESIIE(CE T B REED S wICHTDEHZREFC

EBFE, Vision Transformerss

> BEE(EEHE) ZIEREZEZ ANDD, FEulhE

> BRABRFEDHEFESNTUVSD, BEAHKFCIIELDHIRXI(CHUT
BEENIMKRETSHD, KREDT—IHBHEI(C.

38



BEFEDEVERRAFRDAEDT

BEER(IJ—VUIZEHR, Ox—JLv hE#), A)\—-XiEREE (Lasso)
> BE (I3®HE2) (IEE. —Bostl>—4 TCHEAFtrnIEE

THIS 4R (SVD, PCA) — :.\C, e
FEIEFFINE (NMF) e et e G
> BEMFHE) (IHANEBRESZTS. ERO=EFNEERNS
HENEEDIT—FERAND ZET, JAMALNILD
> =X —=ILOF—F I UTER AERERT—HICHUT
BESEJ A XERDT,
2 —ZJ—F o | MEEHERTS )
> BEMFHE) (IHANEBRESZTS.
NYFCRATFTEBZTS

> AT—I)LDERIRDERERICH U TERZ.
> EFNE(CHS T ARELEL

EBFE, Vision Transformerss

> BEE(EEHE) ZIEREZEZ ANDD, FEulhE

> BRABRFEDHEFESNTUVSD, BEAHKFCIIELDHIRXI(CHUT
BEENIMKRETSHD, KREDT—IHBHEI(C.

39



FERODMN

1. R)I\=XREFU>D
> BT —FCHITBDR/IN-R 4
> 17508 (C KD EBYF =R

Cf. Data-Driven Science and Engineering: Machine Learning, Dynamical Systems,
and Control by Brunton and Kutz

> AN—ROA—5F+1 >0 ERATDMAED T
2. ZA)\—REF > TIC KB ETFFRREUFULIE
3. RIN—=REF YT (CKDEBEEEAT
4. XERRAIAHIESE S — & (CX T D
AIN=REFT T (C K DYIBEERIM L

L L

40



BEFEDEVERRAFRDAEDT

BEER(IJ—VUIZEHR, Ox—JLv hE#), A)\—-XiEREE (Lasso)
> BE (I3®HE2) (IEE. —Bostl>—4 TCHEAFtrnIEE

EmM D24 (SVD, PCA)

IERMEITIINAEE (NMF)

> BE(HEHE) IHAORBFEEZTS.
HEWEEDOHTNT—YZ2RANS

> B—AT—IDF—F(CHULTE®

AN—=RA—F1 >0

> BE(FEHE) (XHEANSIREZEZETS.
NYFICAITTEBETS

> AT—=)LDERDIEARBEZRICHUTERR.

> BERIER(CEHTDRBEDFL

EBFE, Vision Transformerss

> BEE(EEHE) ZIEREZEZ ANDD, FEulhE

> BRABRFEDHEFESNTUVSD, BEAHKFCIIELDHIRXI(CHUT
BEENIMKRETSHD, KREDT—IHBHEI(C.

41
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Inpainting (mairal, E. & sapiro (08)]
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Image Compression (st and E. (08))

A The problem: Compressing photo-ID images.

General purpose methods (JPEG, JPEG2000) — .
do not take into account the specific family. - |
E—— |
A By adapting to the image-content (PCA/K-SVD), ———
better results could be obtained. —— 1
A For these techniques to operate well, train

dictionaries locally (per patch) using a
training set of images is required.

d In PCA, only the (quantized) coefficients are stored,
whereas the K-SVD requires storage of the indices
as well.

Geometric alignment of the image is very helpful
and should be done [Goldenberg, Kimmel, & E. ("05)].

Sparse and Redundant Representation Modeling of Signals — Theory
and Applications By: Michael Elad, 2010 44



Image Compression

Detect main features and warp 9 Training set (2500 images)
the images to a common = : L
reference (20 parameters) f_Dr L
|

S 1
Divide the image into disjoint % al
15-by-15 patches. For each o -
compute mean and dictionary ® i ',:
Per each patch find the
operating parameters (number
of atoms L, quantization Q)
Warp, remove the mean frqm On the
each patch, sparse code using L :

test image

atoms, apply Q, and dewarp

Sparse and Redundant Representation Modeling of Signals — Theory
and Applications By: Michael Elad, 2010 45



Image Compression Results

Original
JPEG
JPEG-2000
Local-PCA
K-SVD

Results
for 820
Bytes per
each file

9979
1999
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Discovery : Solving Inverse Problems

Inverse Problems: Recovery of images from

De-Noising

De-Blurring
In-Painting
De-Mosaicing

Tomography

U 0O OO0 0O O

Image Scale-Url&
& super-resolutlg

-~ and more -

Sparse and Redundant Representation Modeling of Signals — Theory
and Applications By: Michael Elad, 2010 47
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» Image scale-up using bicubic interpolation is far from being
satisfactory for this task.

[Yang, Wright, Huang, and Ma ('08); Zeyde, Protter, & Elad (‘11)]
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Super-Resolution — Results (1)

An amzany vanety of practical probhi
design, analyses, and operation) can be
migation problem, or some variation sucl
[ndeed, mathematical optimisation hos )
[t is widely wsed in engineering, in clect
trol sysoems, and optimal design probles
and acrospace engineering, Optimizatiol
design and operation, finance, supply o
pther arvas, The list of applications is st

For most of these applications, math
a human docwsion maker, system designe
process, cheeks the results, and modilies
when necessary. This human decision ms
by the optimuation problem, « 4. buvin
portiohao

Bicubic interpolation
PSNR=14.68dB

Ideal
Image

SR Result
PSNR=16.95dB

The training image: 717x717

pixels, providing a set of

AN Aoy vty
PRAEN, EalY e Ml opranlne ‘ I»
i ot peodik f LI Y poty el
[T 581 ial s tnaal IO UTE TR
I "M - RS ITAIFAR 4 3 ot
! { aied cptisnal & 1 proles
I ‘ wisw TAlTAAA] 0’111 L |
e Ay Serat s By Tl !
& e | I of appdicatsm

For most of Usse applacutic I»

) .‘ _ 'lll" i s T AL
process, chocks the results, el ssodifi
Wit ey ymsnd | tearrsan devw s A
iy b oprtin w1 o Hibm .
lv(’fcl

[Zeyde, Protter, & Elad (11)]

54,289 training patch-pairs.

An amazing variety of practical probl
design, analysis, and operation) can be
mization problem, or some variation such
Indeed, mathematical optimization has |
It is widely used in engineering, in elect
trol systems, and optimal design probley
and aerospace engineering. Optimizatiol
design and operation, finance, supply cl
other areas. The list of applications is st

For most of these applications, mathd
a human decision maker, system designel
process, checks the results, and modifieq
when necessary. This human decision ma|
by the optimization problem, e.g., buyin|

portfolio.

“ Given Image
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Super-Resolution — Results (2)

Given image

Scaled-Up (factor 2:1) using the proposed algorithm,
PSNR=29.32dB (3.32dB improvement over bicubic)

[Zeyde, Protter, & Elad (‘11)]
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Super-Resolution — Results (2)

The Original Bicubic Interpolation SR result

[Zeyde, Protter, & Elad (11)]
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Super-Resolution — Results (2)

The Original Bicubic Interpolation SR result

[Zeyde, Protter, & Elad (‘11)]
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Image

magnify by
a factor of three
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a, b) shifted origin
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i-th LR Image Y;
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AN=RO—F 1 2D C K DiBRFER
H{LidiE

_ S: down sampling
Y; =SHW, X + ¢, H: blurring effect
W: warp operator
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Denoising Convolutional Neural
Network(DnCNN)

RGB Colorspace Luminance (Y) Channel

Residual Image

Patch from
Original Image

Patch from L Dt R s
Compressed Image (Magnitude rescaled for
Quality = 10 visualization)

[Kai Zhang, Wangmeng Zuo 2016]
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HEAFHSRFER (LRI 94%)

Sparse super resolution image(shift estimate) Sparse super resolution image(shift given) bayes super resolution image
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HEAFHRFER (LRI 34%)

Sparse super resolution image(shift estimate) Sparse super resolution image(shift given)
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BAHRIGR(LRI 14%)

K=1 (The number of Low resolution images used)

Low resolution image High resolution image Denoised high resolution image by CNN
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Sparse super resolution image(shift estimate) Sparse super resolution image(shift given) bayes super resolution image
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