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[RNEE]

AWFETIE, FTIINT—=HA THEED A &7 57— & & AR LB {§RZ 2 &% Thr I e %
HMIZL T2,

— W EREBRTICHLENRTWAHEDO X F 75 A FKBFH:, Bagof-Features [4] Tl
SIFT [2] [3] ICRRESNLEROWIRSA % b & I\ZH I S N RBUT B L ORI AV S
NB 23, T O—J5 T kD 735 T Deep Learning 2 H\W7z5l [6] A5EHZHD TV 5,

Deep Learning TETIE, Wiffehkz AL, BHRTIAAAET 2T 2 M2 €L L
B E 2o THEY, BT ORA 2RISR FELTLE > T

Z T CARFZETIIMGZ 7 A Y MIHEL, £+ 27 XY bh 5 Deep Learning % JH v 7458
HMAEIT, 2925 ) Y 70k THHENKEX T AL D27 T A8 IERE RIS E Lz
Bag-of-Features Z17\», B A M7 5 L EKWME T 52 & CHIRICIHAET L HRIEHRE KL L 72 4
F— SR ERET D, 72, AN AMOREICIEY 5 RS Fﬁﬂiﬁﬁﬁﬁﬁ%ﬁlﬂ%bf’ﬂﬁﬁﬁgl‘
HEAT) T T IAYEPMAT ELEINS, MCw 2 WEAFBIMI{%E U CHETE ZRwiE
R L7z,

EETIX, FTYINT A A T LTMMBERBE [9] 2T A 7T AMOLEZIT
Z & T Deep Learning [7] % Ji\ T Bag-of-Features DIt HZ1T9 2 L OFMME, 57T A
5 W OBEER R W L 72 RH R 2179 S L oM R R LT
[¥—7—F] Y% NVT7—HA47, Deep Learning, —fW K7k, BoF, FHLUE Gk
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1.1 FIFIT—h4TDEM

PAE, EMBRPBELEROTIINT —h A TP ED SN T VWD, TYVINVT—h AL T L,
BT822 7—2td428TaryCa—% ETOTRANLGHMEZTREICLZDDOTHY,
[E S L A A s 3 5 e B [13] %, Google 287> T\ 5% Google Art Project [14] 7 & H,
REMDTZFOWY MADED SN TWE, BIZZIT 72 Google Art Project Tl 85 5 [E 37 14y i
WO O 5 [ ] % 70 il FE OB S EE TlRE L, IRKT5Z LTI VED S v F
FTHMICHZZENTEL LR oTVD (W1, ZNICE D EMEZDORTHS L) bt
M ER AL 2 EDMRELE R Y, TIINT I A TOBIOVEDELS>T VD,

HEDONTVDLTIINT —Hh A TITH DD, REBIZLLTIINT—hA TIZHT RS
WCEBETFVINT =4 TIATIBICETIINT —h A TICERENFTVINVIA YT VID
PEAZRTIHERLZ LI AHORALHE LW EAEHIN TS 1, 7Y vars otk
BeRir—5, —HW [ A5 7—=%] LIFEhTwb,

1.2 BER~NDX5F—5 D15

WRICA 57— 259325 2 & TEOFHE I LU SRR 2 EORAPFETE %,
MBEDOBNIIR D A Y T— 712X - T, FBEHEMREITITR S < 515 T Text-Based Image Retrieval
(TBIR) & Content-Based Image Retrieval (CBIR) 25T %0 ZNENIZOWTHIZIT o

1.2.1 Text-Based Image Retrieval (TBIR)

Text-Based Image Retrieval (TBIR) & 1xd 52> LOWRISHISfHF Sz F A MEkow
X —T—FHRETH D, BEmOWEOT—5 1y & I={i,in}, TNLENOMERIZETER;
ToN7zF—T—FDty M K={ky - kn} £ T 5. HEEICXZ7 )2 W, L L72LE, 1D
HWe B L7z K(1<jsm) 2 b0 0 EM KL LTINS,

TBIR #4T ) I ERICF =T = FRG 26N TWABRLENRH ), 525N THWRVWEEIZIZA

E 1.1 Example of super resolution image of Google Art Project
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FTF—TU—-F2H52 20325, WARTHERHEZET 5, T2, BEEICHEENT Iz
FoU— FHRZOMBGERHATLOIHELZEETHL LIZRS 2V E Vo ZREDFAET 50 T
ZT, ZOX) HHER IS B 720 2R E DS DR S BB 2 B 5 CBIR 2378 &
nTwa,

1.2.2 Content-Based Image Retrieval (CBIR)

Content-Based Image Retrieval (CBIR) & (XWif§A: S L7zff, Mz & om@asgcio
WIRETH B, 7 1) B AT L CTENICHM L7zl % #8383 % TBIR & 1354 ), CBIR Tl
MR ZRR L2 WS VAT A5 252 L THREZIT) .

BB mOBEOT—5 Xy & [={iyiny, THENOWGEISHM L 2EHEOL Y M %
F={f,fm} 35, 7ZVHIEE q, q 20O SNIIFBE L ETDLTDHH fH IRV
fillsjsm) 22 i PMERRE LTSI ND,

L72hso T, MBEOTNEILTO LI 12425,

1. FEEoH

BRI E | D i1,eeyim TN LTHI T %0
2. 7T EEORNT

COATy TTR7 VMR q % AT %,

3. FEH O

L) WROKE fo L T— %1y PANDTXTOWEGDOREEF = {fi,fn} ZHET %,
4. MREBEHERDIOR

W AAT o 72468, B VNS RSNG| 2MBEHRL LTHNT 5,

DLEoii% 5% 2T TBIR & CBIR 12 & 2B GERZEOFENZK 1.2 1257 T

TBIR CBIR
Query words “Apple” \ Query Image a
Image feature ed Yellow
(Color) - ! e

Result X , Result g
< &

|
Keyword Ants, Carry Image feature - Red Orange

Information

& 1.2 Flow of TBIR and CBIR
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RFETETVINT —h A TaxGELTWAEZD, TBIR 2284, HMETHEWAD
MBEEITHIBIS, WY LF—T—FZ2ANTERVIHRENDH S, 72, CBIR ZHMuGEREY H 72
LD ANDHRLE LT, EHMRIZE > THRMATIRT 2R ERIH 2R L[R2 E o0
Wb lWVoZz Ay FBMIET So LD o TARMZETIZ CBIRIZOWTHH > T 2 L & T 5,

CBIR %3 2 (G EHEF L OUME L GRS 5 720 I 2 o B g H & Fz it 3 % 2
U5,

FRA S L 75 E LT X 5 7 — 7 O 52479120, fillil L7488 & Wi I 235 5
TV 0% IRT 5 — B IRGEERE AT O LEDD 5o RFELETHER O — B GR35 2 %8
IZOWCHHT %,

@ RERD WA BHZDT VT AL

—EWRFEER O T OV T X 2GR E G TR & F o E W EERBE W) AT
Tholb, TOFETEERMC LN TV LU & WEERBEO 7V T) X LIV THRS,

2.1 Y5t

2.1.1 Scale-Invariant Feature Transform (SIFT)

Scale Invariant Feature Transform (SIFT) & & Lowe 12 & o TEZE SN W{GFATHIF#ET
H5H [38lo SIFT TlEa—F—miehbEr L Zhul b L HRHERICE L OikikiEHRE b oM
ZRBUSE LT o SIFT O 7 VI X LIS A ORI & im0l o 2 BRI T 5 b,

R OR o B TlE £ o Difference-of-Gaussian (DoG) Wi{§ % H W THREDIEZE 2179 2 £ T
RO & T A Rl T AP A KT A7 — V2 RIS 5 BT OBERIEA r— V0%
BH 7 A Glxyo) & ATTHAR I(uyv) 2 & &K A 2L Lwyvo) D745 (Difference-of-
Gaussian, DoG Wif§) 12X W KD SNL. Lo T o2 AITIT Y TANIDAr—)v, xk y
FEREHEZ U008 EETLE, LE GIEERLEFRRATEEINS,

L(’LL,’U,O') = G(x7yao-) * I(U,’U) <21)

Gtaywﬂ==2;zgem9(—12i52) (22)

DoG O#E RO % D(uvo) &35 &, DoG MK TEEINS,
D(u,v,0) = (G(z,y,ko)— G(z,y,0)) * I(u,v) (23)
= L(u,v,ko) — L(u,v,0) (24)

COMNIREA 6o D5 kFETOREXL LR L DA — VEITH Y, K21 DX 28D DoG
BaRD 5,
oW —EDHETHIMURITAET IS TV ITANITDT 4V K4 XhBAL, WBITX
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il e

octave)

Scale
(first
octave)

e = Difference of

Gaussian Gaussian (DOG)

2.1 Flow of making DoG image. (Figure is referred from [3])

VIR OIE R L EHR T R o E v ) BEEET S, £ 2T SIFT TIEEBZER S iz
WALWR DO F 2 5 200 THEEAL SN2 MS Li(200) 2 1/2DF A4 ZNWF T > T) 0 75 $5hZ L
THI YTV ITANIDT 4 7 FoH A R XBEHEEOHIMZ DI L Twb, 1/2 0% 4 X128
7} T VT ENTZEIE La(oo) & 200 THHALE AT o 72 W5 L1(200) IZIZLLT O X 9 % BFRAS

LA RVAS
Ll(20'0) ~ LQ(UO) (25)

DoG DA K E % B o TIREFMMIEF —RAL ¥ M2l & L-HBoRRERZ I V£ LE
CHIBISHIG LTS EEZ D Z LMk L, L72h > T, DoG Hiffh &M% el Ui & 7
LIS DA r =V ERET Do ZOUBE A7 — VDR 2 DoG RO 4 Y 7 £ iZxt LT
Vo ZOMPDERIHFBBER D DAL LM ZHIBRT 5 2 & THRBUNSTRET %,

ZOBRNAEICAEZEMEEL OISO F )y F—Ya v 2RO, T )Ty F—
Va VDTS ORI A E TSIFT O7 VT XL T LR D,

2.2 Bag-of-Features

— MMy 7% SIFT % H w7z mif§s5 Tk & LT Bag-of-Features (BoF) [4] 2% 4,

BoF & Bag-of-Words (BoW) &W9) FF 2 MREDEFT NV ZEALTW5, BoW Tid, i
DOHFEO MBI L > TXHFEZERIHL TB Y, BoF TIEZHIITHIL L TRAMFH RO HBUHE
Lo THifgzRKBLL TWwbo BoF OMBIILIT O Tiibid (X22).
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>
S ()
° '. §
‘ ° ) o
. o
T R TR, b
g %
1\ * ® o ) :
N o Visual Words
Clustering features to make Making histogram per image

Feature Extraction Visual Words

2.2 Flow of Bag-of-Features

L. Feiosh

A L, SIFT % E ORI~ 7 Vv BUST %,
2. R EDs A5 v T

EWRO RN v VvE 2525 Y7L, nfid visual word (7 5 2% DR FEM) %
BT 5, R Z MV ER DI visual word ICEEIRZ 52 T TLEIT). 2T AY
) 2 391 k-means AW SIS,
3. BRI T HDME

visual words IZEO W T KW GIZOWTRITE#ROE A F 75 A 21K T 5,

BoF IZH W 2R RICIZ 1T L b7z SIFT 74 oW Tk b b oA RMN L 35 )5
A SN B A, BIRELO DR WlifR% &, EOBRICH LT Zolif%RIT 2012
BB BRI S 2\, 22T, AR TIHEEDARERICB O THFEFICHEVEEZHE TV
Deep Learning = H\WCTw3,

[ Jo— Deep Learning 12 X 2 mife55 5

Deep Learning id=2—7 V4 v b BEEEERZ A v b7 =2 2 O BEEBREO—DTH
Ho ANNWEZEFERT 587 X =5 2 HETER T 5720, HERAFTRENL CO2BGF S B
FCTHHTEL I ENRELRIBATH S, RETITEEOBEHHD T > 5 X T Deep Learning
FHEOPTHHRICHVHEE % 11T % Convolutional Neural Network (CNN) (22w T %
1790

3.1 Convolutional Neural Network (CNN)

CNN kX, BARAAEE T—) VI BEREICEREEEZ D OEE =2 —F VY b T—7
TR 31D &) iz b o, 2012 40 ImageNet 2ME4EFIME L T 5 120 H O HE {52 5 1,000
75 ADH T I RO K % #59 The ImageNet Large Scale Visual Recognition Challenge
(ILSVRC) 5] IZBWTEM 5 DOBEHMICIEMA & T T v Topb T F —3F T AlexNet [6]
EIMFEN D %y b T — 7 DERTEN O RIEHWE L %55 164% LV IHRWL T —3 %2R L CNN
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AHHERFRICIL NG Z L oz,

B AAAIE (M 32) FRATERICBWTHEHED 7 4 Vo 2B AGREEZ DB, n-1 O~ v
ThkPOOMNE R, 7408 % wk, EHALBEEE ¢, N4 T A% bk T DHE, BARARE
nEHOKM~y 7 j~ol ik 31 TREN 5,

K
B = G(S " R wp) + by (3.1)
k=1

AL RI %1213 Rectified Linear function (ReL) (X32) 2L K HwHNTWA, Zhid, Rel
HPHMCHERIVNS L, FHPEETEPIL IR > TOHRFBELTTIEZL L7720 TH 5,

¢(r) = max(0,x) (32)

7= 7R (K33) ERIHEBICBTAERE —IETHIEI2L by, MEZRLDBE L)
N 2H5DT, n-1BOR/ITEBEN NO X BT, BEMORKDOLDDAE nBIIER 5
WRT—1 7 (K33 LWL,

hi(2,Y) = Ma&zenygenamhi (T, 7) (33)

convl pooll conv2 pool2

Full-connected |

Full-connected

Full-connected -

Output

3.1 Example of structure of Convolutional Neural Network

%7‘%&
E E E //,
\ | )

I !

Layer 1

Layer n

3.2 Convolution
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e
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v
Fa

ANAVAN VAN

E 3.3 Pooling

CNN 3#iid ) #HOFHED—DTh b iAdZHEIC L), MPIELL %5 X H 128 2 —
FRFBEL T ZETANEBRZEHTL2DIHEM 274 VW 20 L T, ZRBD=_2—F
VA N CEHEMRIREZ I L TV 2 OIZBARAREIC X 2 BIFEEOAOERC, 7=~
TR & BIEME O EONETH 5,

3.2 Deep Learning TEE S H3B0DEE

Deep Learning # Hl\V CHEIET O RERNERZ FEH T 5 ICIIRKEOERT — ¥ BUEE 7 b, L
L, MRELRDTIINT —h A TIZBELREMGCHERERZ T —2{LL2bDTHY, K&
T DT =2 LIZERA R LI o TAMETIEZ ONEZ R 2720107 — % & >
FCTHEEFAOMERE S LITHREBEZ0ET LT 70 —F 25,

o7 —% -ty bEZFHLACEB 2 T3 £ LT, Deep Convolutional Activation Feature (De-
CAF) 8] %% 5%, DeCAF iZH 651 ULl TF—5ty hTEHLTBWA Y b7 —27 25#
g & LCHWATET, MBI 4096 KLD~X27 MV (X34) Zf#EsE LTw 2,
DeCAF IO F =%ty b CTHE LAy bT =il L2 TH L0, O A4 v
TORFHLTOERNTH S I LW5noTBY 8], 7— & HoD i WARRFIEIA %) 70 iR
ThbEFZbo

nvl pooll conv2  pool2 conv3 conv4 conv5  pool5
e R A 3 3 :
s (1) 1 i) I e
Full-connected o™ o DeCAF
PO o~ = > (4096:%7T)
Full-connected

Output (WD FIVEE)

¥ 3.4 DeCAF
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ARWFGETIIEFMBICE R A 7=y LR T %, ##FEF IR E <, Deep Learning I2 & -
THEOLNREEHWIE A N LRH, CA NI 20RO D200 5,

4.1 Deep Learning [C&>THESNIEFEZRAVCERX NS LKA

J#H Deep Learning X H{EEARZ Ay T —2ZICAN L CEFOWR % EKHT 5 DI28 L7255
2D, MRS SHESNLERZT TIIZOWGEOKR T DR U2 ERTEF, B2
FTIINT —=h A THRIZEEN TV EHE S OMDpVWIERS DN TLE ). £ TR TIX
BRZ BB OBIETE 7 A ¥ MZHEL, 5ELk 7 XY F—D2—2» 5 DeCAF [11] %l
W2, ZO%BMMBL7ZDeCAF 227 525 7L, K5EEENEED 7 5 AL TWAENT
AN TARERT S (K41), ZHIZXY, BEEHOMACEERD LS THIRT 5 2 LA
b 8512, 2ETHRARLNERD BoF TIX SIFT itk v ) iSO 2 75 42K L
TS, RFETERSEEGEHS D OREBERTE A NI ARER L TV A 72D EkTFEL

» N[

Feature Extraction(DeCAF)

4

oD
Clustering features to
make Visual Words

4

Splitting images into segments

Frequency

Visual Words
Making histogram per image
E 4.1 Proposed method
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Wl Ul h o /i 2 RBSTADICE L2 A N T AR BLI N L 0 5, RETFE
DN TELEDLEUTDOIIIARD,

L. g O 1E
BB OMRRIE O WA & g (DR, 27X 2 bEER) 25K T %,
2. WEFE (DeCAF) Ol
%X 7 A2 M55 DeCAF ZHlith3 %,
3. MmN TR ) v
EMEOEYL T A Y ML SNz DeCAF & nflD 2 S AZIZ0 A5 ) VT T b,
4. €A +7T LD
visual words {22 DWW THMWRICDOWTE T X ¥ MEERED 7 FAZ I/ LT A iR LE
LA NS ARNET %o

SONEED I T AY ) Y TITHWATFHEORENLD DL LT, kmeans 4% 5, k-means
BEHOPLO 7 TRk ZRELTBE, RHOHMDIZHBERPIIT VT LTI TAID
B ARE T 2 LERH L, TN ZIFHERICBI 52T =8 OG5 Mk ERLIZ7 T A5 ) ¥ IH
TEY, 79 A5k #WR LBICERO 7 5 A5HICEHTROWEIED 7 5 A 7 5 b Rk
CHMLTLE ). 77 AT, BINCAHATRVEGO 2 I A5 1Z0E27zF DI, @i
FRZERDO 7 I AZIBFELDVMPL T TADPGITHLIENTELIENHE L, LS5 T,
KIFETIEZ S A7) Y 7B A5 v F Rz, BRI A5 v 7T, #h?
NOF—2% 1207 FAFELTH, 77 A HOBPELZHE L TROEBLEZ 925 %
BRICIZ 1207 FAFIRDETHAL TV 2 FAZ ) Y X FETH L, BRENZ FA5)
YIUORRET RO I ATERTAIENRS (K42), 777D SIE7 7 A5 BOHiE
ZRLTBY, BIPMEOVRETHAINTVE 2 5 A5 ALIZEMNLZE#MZ 22 525 Th
LWV 5. TV AT T LK o THEHOWGIFEOBPERZILRT 52 2 LW E %25,

Number of
Clusters =2

Distance

Number of
‘ Clusters =3

K 4.2 Example of dendrogram

56



[FYZIWT—hA TILBIF2Deep LearningZ AL EX 5 T —FER] -+ B L5

42 BRABMISLODLEE

L2 7T ADOREIZIE, histogram intersection 2% < Hivs 5114, histogram intersection i,
20D AN T L% HHEH, CANSLAH,OIFHOY V% Hi], LAMNTFTLDOE
O¥EnELT, K412k oTHIT S,

n
intersection =y _ min(H,[i], Hs[i]) (4.1)
i=1

LA L, histogram intersection ® & 9 e d 5 ¥ V17200 %2 A HEBRETIX, 2200
BRABEZRIETABII, WEAOLY iOFS A LHEBOLY Y jOFE B OFUMIRITIZIE
ENB\V, ED72D, ANKELTAINEL, T2 BAVNSLTBPREVES, 2L
YiEEY JAEBHEWIIEM LIS A Y MR EED Y TAY Thofz LTHEoCHEML
TWRWliffe LCTHBEZEH IR TLE ). CORMIIFFCI IRS) v TOBICY A Bk
M LBCRET 2, 729 AT REMP LTI L TOEDVEDDEIRE R L HFE LT
XATEL LT %50, HEULAZMEZFRLE2 FAZE LTI V=120 5 2 LIS 2
Ve THUE, FMLZZERTHSTHHD I FRATIIHEENDL DO THD, —HTI TAYEKE
WHTESEIIC R N T A DWHEOERBII N ED, WEOHBIEESE LS, ZORET
575 AFBICE BB ERS T, EreC o ZE L HEEYIR) ANlb,

4.2.1 Earth Mover’'s Distance (EMD)

Earth Mover's Distance (EMD) [10] &, 2 DD 5545 M O Mk % M 5 DICHW SN L HEETH 5,
ARG LR (FREHEE) 0fS (7 AF ) 25745 (M43). EMD 3#EE!
WD O & D Th % WEHE ORI IEO VW TEE S S,

m EOMEHZ S OMIGIES A &, nHOHFELEL b OHEMES Bt hzh 42, K43
TEINS,

A = {(a']:u'm)-"':(am-.wum)} (4.2)

B = {(blﬂ wﬁl): T (bm: Ti'nm)} (4.3)
AZOW T ai 1 i FHOMBIZE RTHMARZ PV T wa 13§ FHOBSRMAE ST (R T
Hbo BIZOWTIE b 1d jHFHOFEEMZRIIFHARZ MV Twy i3 j FHOFEMIE T LHHE

BThb, b e XHREMHORMND/2) ORI A MD=[dj]ida & b DEEZFRL, —#KH
Wik ai & b O—21) » FligkE (X44) BHWOHN D,

et SHEIA~OEREREEZ 70— F=[fjl £§5. IR M 2RNIT L@ %70 — F 73
WEMHE OB TH B HALH/2) Ok A b dy, fiaks F=[fi] £V, &3 X b WORK(ABF) 1%
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DToxyicgEh s,

WORK(A, B, F)=%"% di; [ (45)

i=1j=1

7272L, BEEI A P ERFHRETAE, T ORREFEZM S 2T E R 5%y,
L At 5 HEHO 1 O A LAk S kv,

fiz0,(1sismls<j<n)
2. e i 2 HHE T & 2 EHHIIMHEE wa 2B LRV,

"1 fiy < Wa,, (1 <4 <m)

3. WEHL ) ASZITHN S EHITTFER wy LN TH 5o
i1 fij < wey, (1 <7< n)

4. a2 S BE) T X B R %=
Y fig = min (7 wa, S, w,)

EMD(A,B) (3 Hi % M D CTd 2 eitiZe FIZ L D15 545 min(WORK(ABF) ## 71 —TH 5 Z
LTROBNG,

min(WORK (A, B, F))

EMD(A,B) = — (4.6)
= Zj:1 fz’j
Distribution A Distribution B
Feature @1
Weight wal bl

Signature - a;

Distancedij
flow fij

4.3 Situation of calculation EMD

4.2.2 Earth Mover's Distance D&

AR TIE, VB L7=T Y FaZ I 8% Il A NI LE2ERLTWS, 7Y FasF AT
BidE L7-27 9 2 7 A3 EMENE , R TWwW5 7 9 2412 ERMEIRI, EMD %53 5
BOWEICIEZ 7 X5 HoHEE (M44), ZLTERIEEZEZ TAZOLE Y OFESZ VT,
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di4 dis5 d2g dos d3sa dss

3
=
k% di3 da3
()]
das
di2
1 2 3 4 5

4.4 Distances for calculating EMD

@ FIZNT —h 4 T &R

PEETHEO H S W70 5 FR % OB L 72l I L, W ROWREEOH 7 5 BRI
WCHEBLL 2R 2S5 28 1lH b, ARTRERICTIINT —AA4 77 —% MM L7955
2TV, REFLEOFEIEZHRL 72,

5.1 ERLETIIIL7Z—hA(4T

KRR CETY 5 VT —h 4 7 & LT, EEER RS 5 HH S 7 N R O E
W% LTV 5 |

AR (B51) LIZRAED R L < v A0 RAE & B AT S5 72010, BRI
DU, JREER O HIER T 2 B IF IR X > THES NIRRT H Do IR 13 B 22
FABEIE ) HT SR TED, 2R S XV I O Yl X b T BB A8 &
DHTW5H,

=TT I/ NI O BRI B R 2 RS 5 7200 0 BRI 175 SIS ), 7
5 BT 72 7 BRRTE D 5 L SR %o il L 72582 T 7 B BF R 30HE & o 740 AT A E 1
%o

AN R e & Bk IR D53 2 752 DT b it b TH A4 D AVMINH AR
TWBLEF—7 (LK) THDH (M52, K53 ZHOEF—7ICRKRELDO»ISIEFITIEHL
CRBEFNER DS HVEDETHATH Y, 20 LI h i CHKOREIE TIN5 AT
AN TH D VR B
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[ 5.1 Example of kosode byobu

5.2 Example of motif (matsu)
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B 5.3 Example of motif (nami)

52 bERBMISLOERK

5.2.1
Wizt 72 2 s OFMIEE Sl O@E) THh Lo AR Z 555 Lo s, ERE
W% o TWARWIDERGZR W7 XV b2 227 X 227 12U H 4 AL TWwh,
72721 6 43 E 20 O BRI L TIZIELHEIZ R > TR WEIRT D 5#8 AP w7201
ZOWED LD B HEBRKECOTZOWIED 227 x 227 LHlIIIELFFIC L TWw 5,

BuWetI XU b

% 5.1 Segment specifications
the number of the number of used percentage of each
segmengs/kosode segmengs/kosode segment in a kosode sum o;;grengggber of
byobu byobu byobu image
6 4 22.16% 414
20 15 5.54% 1,558
80 63 1.39% 6,561
320 285 0.35% 29,659

5.2.2 Deep Learning [C& 245t

DeCAF Z i1 3 228 ¢ THB L RBET— 2 v v Md— B kEiEkoa > 72 [5]
WZHV 515 ImageNet 2 FIH L 720 ImageNet & 120 B O IIHEE, 1,000 /7 T 5% 55—
Yy FTHY, HRY, NTHWOZHLHARWEGREEATVS720, KPYH S E TIRIEL < #id
T L/l R R S A RIS 2SI c& 27—ty FCTHbD, Ay bT—=21E54
7 51) Caffe [12] IZTHREZIN TS ImageNet DF—F £y b2 4T TIZHEEH LAY VT —2 %
L7z 2y N7 —27 O ZEFE 52 1R,

61



EIES RIS TIRE
52205 20204 3R

#& 5.2 Structure of network

layer map size function
Input 227 X 227 X 3
Conv 1 55 X 55 X 96 ReL
Pool 1 27 X 27 x 96
Conv 2 27 X 27 x 256 ReL
Pool 2 13 x 13 x 256
Conv 3 13 x 13 x 384 ReL
Conv 4 13 x 13 x 384 ReL
Conv 5 13 x 13 x 256 ReL
Pool 5 6 X 6 X 256
Full Connected 6 1x1x4,096 (DeCAF) ReL
Full Connected 7 1 X1 x%x4,096 ReL
Full Connected 8 1Xx1x1,000 softmax

523 I93RFVUVT

NERERER D€ 7 A Y N EHOWTRENZ A5 ) ¥ 72 fTo 4R E K 54 1258 T, K54
o505 XHIMMIEREGROR 7 A Y MIKREL 22007 F A5 50 TBY), ThEtho
75 A CTHMEICKRERENDH DL LD G H b DT FTAZIZOWTI FTAYIIRT AL
Ay bEMNT 5L, AR ORRERT OEE O % EDEF — T IZHRO R T A Y M
O ENr IAY EhoTW (K55)e LzSo T, EDV FAYDET XY MIFbT,
DBETREAD Y FAZIZOVTHo T T ET 5,
5.2.3.1 ISRATBDRE

75 AT S A B UET BT TH S elbow method 212, BRI LTHZ 52
y¥ET7ay L (56), WMo »Eb s bz HiloBEORRE Lize SDZ7 T 795,
PHHEAS 2500 TR TR E K 7 T A Y ROBEWAEAT 5 2 030 hb. Tz, 7T A5 KO
KELEDLLEFICOWTIA LT 7 (M57) Z2H2E, ZOTIVKR—=FHEICH YT 2 Kk
25001282527 T A EKIZI80 TH A I LD Ghbe ORI, 75 A FFUF 180 1Pk L7z,

5.24 JU3RFVUVIEROEET

W E I T A5 0) 2 7 LIGHRPADEBIZ > TV S 0% 5l d 5729012, 7
T EMHHLE 7 IAZICEENLEF— T OEEG LRIz, 77— FFE L RAGE G T/
B Z LT A BRI/ SOOI EDEF — I BFEEL TV AN TNV ED
JThHw», ZORHRE LT X Y M EFHFT 720 BMR» SO T NUfFT— 5 1E—5 T XV oft
R ENTBY)/INMIRETOLETHOEF—72MELZDOPEONLE o 72720, BRI
FTAZWRT BT AV MECRBLE I TATIRTHINMFTF SN2 7 A ML LTH
GERAEN L,
524.1 EF—TJHEEICERDG S ERMBRHDER

HMRIZE BN 7T =2 3EF— 7 2 WY WMELAEOTHBMOEEFERE o TWwb, £
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5.4 Dendrogram of kosode images
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5.5 Segments of left cluster

[ 5.6 Graph shows the number of clusters for distance

Distance = 2500
180 Clusters

5.7 Zoomed graph (Fig.5.6)
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F— TS BT (X 58) [CHE R o727 X v Mlif§% EF — 7 IR BRO & 5 14
ELCER (W59 L, MERMCOERELFMT 5, EHEDNS0% L, 2F ) EF— 70
BHROWENEL 7 A ¥ MEGFOBFZEO 45U EEE (K510) LTwiuE, ©F— 7G0T~
ZEDIRDZ L L LT

.-
A

Motif region Maotif Image
B 5.8 Motif image

[ 5.9 Selecting image related with motif region

5.10 labeling to a motif image

5242 J5RYVVIERODEETHIDER
TIGAYN) VAR ERTMIORK R EESIIRT, EF—TEK T T AT THEDL WIHIC
A 3EETIH LTV A,
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# 5.3 Motif per cluster

Cluster No. Motif name
1 no motif
2 no motif
3 no motif
4 no motif
5 no motif
6 no motif
7 no motif
8 no motif
9 tsudumi 1.75% |
10 no motif
1 ohmihakkei 1.75% |
12 no motif
13 no motif
14 no motif
15 kaede 2.33% | tsuta 1.16% | ro 1.16%
16 kaede 349% | sakura 291% | kiku 1.74%
17 tanzaku 88.89% | sakura 36.11%
18 yatsuhashi 345% | ume 2.87% | yamabuki 2.30%
19 ohmihakkei 39.23% | byobu 0.77% | toukaidougojuusantsugi 0.77%
20 kaede 53.57% | sidareyanagi 8.93% | ashi 1.79%
21 sidareyanagi 16.67% | sohshi 11.11% | matsu 7.41%
22 sakura 2.09% | takegaki 1.05% | takaka 0.52%
23 takegaki 19.40% | moji 19.40% | manmaku 448%
24 ume 3.75% | moji 3.75% | yukiwa 2.50%
25 takegaki 100.00% | moji 3.70%
26 yatsuhashi 9.60% | takegaki 5.65% | kaki 452%
27 senmen 1.48% | hashi 1.48% | byobu 1.48%
28 kui 2.60% | kaede 1.30% | takaka 1.30%
29 manmaku 0.52% | botan 0.52%
30 moji 3.23% | nami 1.61% | kaede 1.61%
31 no motif
32 syougikoma 4.17% ‘
33 no motif
34 no motif
35 no motif
36 manmaku 1.68% | ume 1.12% | jakago 0.56%
37 juunishiban 26.67% | shidareyanagi 1.67%
38 ume 4.79% | kiri 479% | hagi 3.59%
39 yatsuhashi 3.64% | moji 1.82%
40 seigaiha 30.56% | taki 27.78% | kiku 8.33%
41 moji 12.12% | ran 3.03%
42 ran 6.84% | waha 2.56% | ume 1.71%
43 yatsuhashi 4.62% | iwa 1.73% | nami 1.73%
44 no motif
45 no motif
46 ami 2857% | nami 11.43%
47 no motif
48 no motif
49 no motif
50 no motif
51 no motif
52 no motif
53 no motif
54 no motif
55 no motif
56 no motif
57 no motif
58 no motif
59 no motif
60 no motif
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Cluster No. Motif name
61 no motif
62 keshi 1.79%
63 no motif
64 jakago 849% | nami 849% | sotetsu 2.83%
65 jakago 7.14%
66 no motif
67 kui 2.03% | ume 051% | kaede 0.51%
638 ohmihakkei 6.67% | yukiwa 2.13% | kaede 1.87%
69 kiku 5.08% | waha 3.39% | yukiwa 3.39%
70 kiku 1.23% | senmen 1.23% | ami 0.62%
71 no motif
72 moji 0.80% | yatsuhashi 080% | matsu 0.80%
73 no motif
74 no motif
75 juunishiban 0.88% | \
76 no motif
77 no motif
78 ro 2.78% | yamabuki 2.78% | hashi 1.39%
79 manmaku 2.53% | aboshi 2.02% | senmen 1.52%
80 hansen 1.98% | tsuta 0.99% | jakago 0.99%
81 senmen 0.93% | matsu 0.93% | takegaki 0.93%
82 no motif
83 no motif
84 yukiwa 0.55% | kaki 0.55%
85 no motif
86 no motif
87 no motif
88 no motif
89 no motif
90 yukiwa 0.81%
91 tanzaku 0.29% | kiku 0.29% | ohmihakkei 0.29%
92 tanzaku 1.39%
93 no motif
94 hashi 5.13% | moji 2.56% | iwa 0.85%
95 kaede 0.73% | yukiwa 0.73% | yatsuhashi 0.37%
96 ran 3.28% | yatsuhashi 3.28% | senmen 3.28%
97 kiku 13.86% | ume 7.83% | iwa 6.02%
98 yatsuhashi 3091% | yukiwa 20.00% | waha 9.09%
99 nami 11.28% | ro 6.39% | katawaguruma 6.02%
100 seigaiha 100.00%
101 kiku 33.33%
102 yamabuki 21.85% | botan 17.65% | ume 9.24%
103 karamatsu 16.06% | senmen 13.14% | yukiwa 11.68%
104 kiku 33.33% | hashi 20.00% | kikkou 4.44%
105 seigaiha 100.00%
106 taki 2.63%
107 sotetsu 5854% | kaede 244% | nami 2.44%
108 taki 30.30% | kui 30.30% | seigaiha 6.06%
109 takaka 24.19% | katawaguruma 10.48% | kakitsubata 8.87%
110 nami 10.29% | matsu 8.82% | jakago 5.88%
111 taki 8.14% | kui 6.98% | botan 5.81%
112 yatsuhashi 9.89% | yamabuki 6.59% | ume 5.49%
113 yukiwa 14.94% | moji 14.94% | karamatsu 9.20%
114 taki 21.05% | katawaguruma 13.16% | ume 13.16%
115 takaka 10.32% | shiorido 8.73% | kiku 7.14%
116 ume 2.70%
117 tsudumi 51.67% | yatsuhashi 3.33% | taki 1.67%
118 no motif
119 taki 40.74% [ tsudumi 29.63% | bohoku 1852%
120 no motif
121 no motif

67



EIES RIS TIRE
52205 20204 3R

Cluster No. Motif name
122 hagi 14.29%
123 kiri 50.00%
124 yukiwa 21.05% | jakago 19.30% | moji 19.30%
125 jakago 37.50% | moji 33.33% | kiri 12.50%
126 uchiwa 8.00% | kiku 1.33% | haneuchiwa 1.33%
127 juunishiban 47.83% | kiri 21.74%
128 juunishiban 47.46% | hanaguruma 3.39% | aboshi 1.69%
129 no motif
130 no motif
131 tsudumi 100.00% |
132 no motif
133 ume 44.44% | waha 741% | kaki 741%
134 huji 37.84% | hagi 10.81% | mushikago 10.81%
135 yamabuki 50.00% | moji 16.67% | manmaku 741%
136 sakura 80.49% | ran 2.44%
137 karamatsu 7391% | takegaki 56.52% | iwa 8.70%
138 hagi 97.22% | kaki 66.67%
139 kaki 100.00% | hagi 43.75%
140 tsudumi 7347% | ume 14.29% | ran 6.12%
141 ume 85.71% | kaki 39.29% | moji 7.14%
142 kaki 15.91% | hagi 13.64% | matsu 11.36%
143 yamabuki 26.53% | hansen 12.24% | noshi 10.20%
144 yamabuki 87.50% | sakura 12.50%
145 matsu 13.89% | yamabuki 13.89% | huji 8.33%
146 ryusui 2.17%
147 ume 97.10% | sakura 1.45%
148 ume 12.90% | botan 3.23% | kiku 1.61%
149 sakura 3.33%
150 yukiwa 247% | tsuru 1.23%
151 no motif
152 iwa 341% | kikukarakusa 2.27% | kiku 1.14%
153 ume 12.86% | huji 2.86% | matsu 2.86%
154 ran 0.81%
155 ume 58.06%
156 yukiwa 9.84% | ume 8.20% | ran 4.92%
157 yamabuki 66.67%
158 yukiwa 10.34% | kiku 6.90% | senmen 6.90%
159 senmen 30.26% | ran 7.89% | kiku 3.95%
160 kaede 88.89% | tsuta 13.89%
161 ryuusui 4.94% | kaede 247% | kiku 247%
162 kaede 52.83% | sakura 20.75% | tanzaku 5.66%
163 kaede 53.85% | tsuta 12.09% | suisen 7.69%
164 ashi 4.29% | sakura 4.29% | hansen 4.29%
165 byobu 46.05% | toukaidougojuusantsugi 15.79% | toukaidougojuusantsugi 9.21%
166 kiku 66.67% | magaki 23.08% | sakura 7.69%
167 kiku 35.71% | ichou 5.36%
168 shidarezakura 91.23% | manmaku 68.42% | kiku 5.26%
169 sakura 100.00% | tanzaku 35.71%
170 karamatsu 42.11% | kiku 10.53% | iwa 5.26%
171 jakago 50.00%
172 kiku 73.68% | magaki 31.58%
173 ume 28.30% | kikukarakusa 9.43% | karamatsu 7.55%
174 kiku 20.27% | chidori 6.76% | ume 541%
175 kiku 745% | kaede 2.13% | yukinoshita 2.13%
176 kiku 11.35% | matsu 6.38% | sakura 5.67%
177 kiku 851% | sakura 6.38% | kaede 4.26%
178 matsu 4242% | ume 3.03%
179 kiku 4.46% | kaede 2.68% | toukaidougojuusantsugi 2.68%
180 yuri 11.11% | kiku 9.40% | tanzaku 4.27%
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5243 B5NkISA50DH
"ol 9 A7 0Hl%RT ML11 EZHERDEF—T7 2L EL I TR ER->TWD,

K511 IZE—D/ lRE»SHE LN T XY N THED, TD7 5 ALY Si/NNao BRI
HHr7 A% (512 dWEEL I IAY o THBY, EF— 7% KWL 72458 %2 Ml sk ¢
WAH72DIZT TG AY OB PERE ML 727 Y Fa 75 LADORESEII L TWAHl L WE 5,

5.11 cluster 168

B 5.12 cluster 169 (the nearest cluster to cluster 168)

WNWTEF— T 2L/ TR EL b o705 RT, K5131%, H-HIZMTW 225K
ELTOHBINIELLATRA TR/ —ATH D, AV ML E, XFERRDEF—TD—
B, ES5IMIZE DB THEETHARMTO—HDE T XAV PR LY S A7 ELTHA TV, 20X
9 7 — AE R BT 2 DSHUSHII ISR A B2 Z &AL, S HROEE VR 5,
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Moji
(Chinese character)

Nami
(Wave)

Ikoh
(Hanger of kosode)

K 5.13 cluster 30 |
5.3 {ERFELDLEE

REFLELERTFE THKEIT 5 720 ERFETIESIFT 2 T BoF 217w, LA T F
A @21 histogram intersection % vV 7z, /MR RO 1 A1x 1951 x 1551 & L, 4%
{5755 1,000 M8 > SIFT 4#Bui 2 i LT kmeans 12X 527 5 A5 Y 72X ) 100D 2 5 A
FIZHE L7 #ROBIZ K SAITRT ERFHETIZZ 2 WL L@oEF— 7 % b o/l
JEME 2 B TE T RVOICK L, REFETIE (] OFF—7 %3 LT o/l %
ZMNTETVD ZEWGD 5. R—ETHETHRE R ELLO/NFEREEA)E L TW5E 27 T 285D
B L2 KS5IIRY . XS5 2L L, [M] 22 EL7 TAIPRKINT WL 72DITH
FRERIT B THEB L 722/l i 5 2 B cE bbbz,

#& 5.4 Example of search results by conventional and proposed method

Rank 1 (query) Rank 2 Rank 3

Conventional

left: aboshi, shidarezakura, nami,

. manmaku . .. . . . .
motif right: ashi, oshidori, kaede, kiku, taki, bohoku, moji, yamabuki kakine, kiku, sohshi, nanten
nami
Proposed
left: aboshi, shidarezakura, nami, left: kaede, kikyoh, susuki, hu-
motif manmaku kaede. tsuta jibakama, ryuusui

right: ashi, oshidori, kaede, kiku, right: kikyoh, kiku, keshi, susuki,
nami chidori, hagi, yuri
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%= 5.5 Example of clusters and segments

Cluster 160 Cluster 161 Cluster 162 Cluster 163

Evaluation with labeled data by an expert

motif percentage motif percentage motif percentage motif percentage
kaede 88.89% ryuusui 4.91% kaede 52.83% kaede 53.85%
tsuta 13.89% kaede 2.47% sakura 20.75% tsuta 12.09%

54 EARA RIS LIESMEHEDLLE

75 Ay MOBERLEEZZEL72EMD ICX 5 X 75 ABOEMNE LR T 572012, BEE
W7 IAFY I X THERLZZFR L A b7 T A %4ERTFD (histogram intersection) & 32
ZFh (77 A5 BOBERMEEZZEE L7 EMD) & TR IT-72. #BEOBIZE56 ITRT. £
20, ERFHETIRZ DY ERICHET 2 EF -7 2 N TETCORVOIIK L, I-EFH I
DEF—T7%DHDO7 TVEBIIH LT, HROBUTWEb0E LT ] 0€F—7% 52/ il
JEMERA B TE Tz, [HH] & ] g, HicEs ) BRTHELAZEF—T7THY, &
BLRHERDPFBONTVD L VR D, METHETHLON [HH] & [MHE] 0FF—7 2 &L/l
JEROX 7 A v R ONTz7 TAY DB ZESTIIRT, TNER5E, cluster 23 121347
WHOEF—7, cluster 26 ICIENIHEITHDOEF — 7% FENTVE I ED D 5o

[H] & [P oFF—7 2 E&T/MERERIZONWT, 180 H %27 T A% OHH 5 cluster 23

# 5.6 Example of search results by conventional and proposed method

Rank 1 (query) Rank 2

Conventional

motif iwa, kaede, hashi
Proposed
motif ume, kaki, moji takegaki, budoh iwa, kikukarakusa, yuri
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L cluster 26 @ & % {4t

image 70 i& cluster 23 %
WRL72& 91, i
AFThb, By
W DL KRG SNDN,

AN T A% SOMHG

E—IKER LT AN FLERLIZODPKNL14 THDE, THIEY
T A5 DA EBE D72 £, image 68 1% cluster 26 DX F XV b ELELEHEATWDLDIZH L,
% & ATWD, cluster 23 & cluster 26 1327 T A & F51daE ) A%, K57
DERCTHHBLAEF—T2EL7IAITHY, INHIEFEMLZY T
DRI EARD A% [ 5 histogram intersection TiE, =i SIFFEPMED
EMD (2 X 2 BiERHRIC X o THBAVIE (RIS N2 7201220 k) &

L THEPMGRE LTHhEIN2EEZ 5N 5,

# 5.7 Example of clusters and segment

Cluster 23 Cluster 26

Evaluation with labeled data by an expert

motif percentage motif percentage
takegaki 19.4% yatsuhashi 9.6%
moji 19.4% takegaki 5.65%
manmaku 4.48% kaki 4.52%
Image70 Image68

0.07
0.06
0.05

0.04
0.03
0.02

=N i
: m
3 24 25 26

mImageb8 m Imagef0
5.14 Example of histogram
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AT, BEORTEHRZ SOk U 72 g 2 ) L, BBPEEGERER ICH R Ay 7—45 & LT
25 A EPMRL, BOFDXIIC AN T ARERT LI L 2REL

AT CRIBRERZ ZICHEMZER L TWE 20, WGOLOEREREZMTE TV
ol

— T, WETETREGZ LT AL MIG5HE L, Deep Learning 12X > THE T A Y b1
SN LMGIFHMEZ LIS A NI A REDLZ LT, BROD OEKREROSA A LT 5 2 LAsH
KB EINITH o7 EHIC, EMDHEROIAMIT Y FUZ I AL TRASND 7 T A
DOWEEZENTHIETr IAYHOEMMEZ MLz 2 b7 I A BEZFEB L. 2L D,
CA NI ADOHBOBIZEUL TW 258 % b OBRTH > THOHPELI»/NS ITL 9 #E
IR L7z EBRTIE, WRETHEOHEMEEZ, FYVINT—H A T2 HOLRGEEC X > TR L.
EBORERD S, DeCAF 12X o TH LEKRE b OWIGRICH LLBEORHIHON, DT RS
B OM#EZ XM L7 EMD ICX AL A+ 75 L DORIKIC X - TIHBORNR AW T 5 Wi{§ % 5
PR E LTRONE 2 LATRENTz, SHOREEE LTE, RZHMTW S b 005 5 E%K
DHRIR, @Y7 AL P OGEFTEOBE R EBET 5N D,
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Metadata Generation Using Deep-Learning in Digital Archives

HAMAGAMI Tomoki

The goal of this study is to generate “metadata” of the images in digital archives and to use them
for similar image retrieval system. Generally, bag-of-features [4], which is a histogram representa-
tion method for object recognition in images, uses feature points and local features calculated based
on the grayscale distribution of pixels by using SIFT [3]. On the other hand, the deep learning ap-
proach [6] has attracted attention in the field of general object recognition as end-to-end learning,
not local features oriented learning. The typical deep learning recognizes the whole structured ob-
ject in the image; however, it misses significant sub-parts in the image. To overcome the issue, we
divide an image into segments, extract features from each segment using deep learning, then apply
bag-of-features using the clustering for the local features, and finally represents it as histogram
expression reflects the metadata in the image. Furthermore, by using distance calculation repre-
senting the similarity of the cluster as comparing the histograms, the discriminant precision of a
similar image could be improved, when the number of clusters is too small. The experiment result
shows the effectiveness of generating metadata using BoF with deep learning, the distance evalua-

tion method reflecting the relationship between clusters.

Key words: deep learning, general object recognition, bug of feature, similar image retrieval
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