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KWFFETIE, A2 —Fy b LICHA7 v 7 a— FENLZMEEHKRRKBEBGEO PN G, BE7 =) IC
BEOMEEG AT (LIF, 72U 3X) ZHW TR 2 57 % 72 O OEARRIRUEIZ IR Y #A 72
TA—T T == JEOBEBFEE B ORRIZEY, FEELOMEICOWTITERFEICHRITTE 528, #
LW b Ly RRFT LWFOOIRE, RAOBEIZOWTIIEMICHRET 5 Z LA TE RV E W 5 EAN
bole. TOD, AWIETIE, BUGMREO 7 = U CPITITEARRICHIR S TH R0V, AR E LT
Ffo TV OIBEN S 2 BERICHH T2 2 L2k v, FrLuvwillEamitire s 7 2 A2 MET 5 2
& kAT

2 HERMRE

I - R 28 EEROEHREAEIC LD &, £ ¥ —F v MCEFT 2O, BExath—E 2
RT TV = ayOBGIILY, Xy NIV =V BETDHT—X T b v 7 ORFREITHERK L TND.
KA DE, FEANANATARAANLD Ty 7 RRKESMY, FTHLIBICLD FT e v 7 B3R
L, 2020FETICh Ty 7 DA5D3%EDLETHRLTND. ZOXIRERTT, A1 ¥—>*v bk
W7 v 7 a— RENDIMBICREIRNEZ G A THRWNE VWS T REWORIED D, SR LT 2 K&
DML 2 BRREIZ BEVENT L CTRBT 2 HIFARD 5T b,

MG RR TR EATIE, YouTube DA v & —F v b EO KRB RMGE T — 2 05 Al 0g 2 RE+ 5, B
T AT OWAGIN S B 2 BN AT 2720 &, IGHEFHNIANZ &b, < ORENEFITDT 0
EHTCND. 2O LD RN D, MERERIZEIT 5 @O RN EE O LB E R I 4, 2001 E0D
TRECVID N> F~—7 [1INMEE 7. SHE, TF A MERBEDOXF~—27 TdHD TREC DFD 1 5D
YT HRATELTHED, 2003 0O EFMN LCRREIND L) 1Tk Tz.

TRECVID {23317 2 KEUEMLAR 2> & OB FZRIZ- DUV TIE, 2010 205 2015 420> 6 A [T S S dv 7= kg o>
BWRZS| {1 (Semantic Indexing : LAF, SIN) # R 7 [2]3& 5. SINZRAZL, Wik« N« >—2 « BifE
Lofmttixtg (LUF, arvgrb) 2E5ARFEMENR 520N TNDEVWIRETT, KEOT A Mk
T—HRXR=ZAOHPLEST LAY M EEDMG R BREEICRET A ENENTh o T, T o
— T == T ERAWETEICL Y, RN M L U7 [3](4].

—J5, AFETHY T AVS Z 27 1%, Rl SIN # 27 23R &4, 2016 4EOH L BAE L., 51T
WO DOE WIRETHD. AVS # 27 T, [Find shots of a person in front of a blackboard talking or
writing in a classroom]) &\Wo727 U XHREH 2 B, ZTHICEEYT 5 ME 2 KEBEBEGE T — % X— 2/
LDRBETDHIEMRDODOLND. ZOX AT OHLWEIE, X077V UIEH L-5E AMgn s 2
BINTWARWERBET CMBEHmRITIENS, Tulay NMEHOHINNLERSTHD. £/2, 72U X
e, Wik N v—2 cBIMEED a7 & Tperson), [blackboard], [talkingl, [writing],
lclassroom] DX HIZHIH L, ZFNOEHKOa L B FOT R TEEATMBEEZRBTHILERH DL LD
HLILHD.

EHX, LLFD 2 DO A FFOMARIRE > AT L&A T 5 2 & T, TRECVID AVS % A 7 |28\ T, 2016
& 2017 4RIT 2 FREE R — DR BREE 2 KT 5 2 L AT &2 [5][6] :

@ /U XHDOXF—TU—RIKIET BT TADIN—REEDDHT80, HFrxolii - mgr—2t> b

THEEINTWIR - N - = - BEEDa T e RER a7 Mg KRICE T2

NE A AN/ s
® X—U—RNIZxILTHare7 Mkl zEZBIRTEH L5175, ARSHELHO FEE
A

INEDVAT AL, T4 —TTF7—=0 T EIFEHLTWDZ LD, FEEROESRIC O EREE



ICHHARETH D, LoLens, FHEARDIFY) (mean average precision) &9 FHHELET, 20%
AR L ERLERELS, BDIFFEDT =Y LI L TE, 68T 2E82E2<RBTE RN —ALAZITH
e, TNHDREREZST L&, 72 LOFITRMOBMENREZENTWDLZENRERMETHL Z &
WhinoTER, T, HLW Ly RO LWFADLIREE, REOMRITHOWTITIEMRICHEET 2
TEMTERY. 2O, KBTI, BGHBEDO 7 =) i ‘iﬁﬂiﬁ'] WCHIR STV 0D, AN
kL LT TV AEBTEMN 2 EZ BEIICHIM T2 2 12k 0, FrLWBEEEZ MR ATRE & 7 DA 2 ik
L7 BARMICIE, MENE LEWTS—RIZXL,

(1) BEfFD a7 MEBlaE» OIBIER R a7 M e RO 5 2 &,

(2) BUREBVREE VTS Lo o = 7 Mg A MAasbEd 2 L,
D 2 OO FEIZ XY R FTREZ A L7z,

3 REFE

MUBFRER L AT DEEIZH TV, FHMED 72O OB T — Z 1Z1L TRECVID XU F~—27 D AVS ¥ A7 T H
T 5 REERAG T — Z _N—2 2 L, F¥ A 7128V T 2016 4£ & 2017 4E|C 2 ke R — O RKEE %
ER LTV AT A[B][6]12_"—R 95, ZOETIETET, FHlicfEA T 5 TRECVID X F~—7 AVS ¥ A
7 OBE (T —F _X—R LRHIEERE) [ZOWTHN, 2Dk, XR—AT7 AL LRDH VAT LAOEIZONT
w3,

3-1TRECVID AU FT—4H AVS 2RI D=
2016, 2017 45 TRECVID AVS # A7 THEBEEN/-7 U XK LI T. FELNEH 30 f8E (2016 4E
» 27 Y ID 1% 501~530, 20174ED 7 =V ID X 531~560) O/ = U XREz Hhi-

% 1. TRECVID 2016, 2017 d AVS X A7 CHIEEEI N~ 60 FEED 7 =) ¢

7 1D =S

501 Find shots of a person playing guitar outdoors

502 Find shots of a man indoors looking at camera where a bookcase is behind him

503 Find shots of a person playing drums indoors

504 Find shots of a diver wearing diving suit and swimming under water

505 Find shots of a person holding a poster on the street at daytime

506 Find shots of the 43rd president George W. Bush sitting down talking with people indoors
507 Find shots of a choir or orchestra and conductor performing on stage

508 Find shots of one or more people walking or bicycling on a bridge during daytime
509 Find shots of a crowd demonstrating in a city street at night

510 Find shots of a sewing machine

511 Find shots of destroyed buildings

512 Find shots of palm trees

513 Find shots of military personnel interacting with protesters

514 Find shots of soldiers performing training or other military maneuvers

515 Find shots of a person jumping

516 Find shots of a man shake hands with a woman

517 Find shots of a policeman where a police car is visible

518 Find shots of one or more people at train station platform

519 Find shots of two or more men at a beach scene

520 Find shots of any type of fountains outdoors

521 Find shots of a man with beard talking or singing into a microphone

522 Find shots of a person sitting down with a laptop visible

523 Find shots of one or more people opening a door and exiting through it

524 Find shots of a man with beard and wearing white robe speaking and gesturing to camera
525 Find shots of a person holding a knife
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a woman wearing glasses

a person drinking from a cup, mug, bottle, or other container
a person wearing a helmet

a person lightening a candle

people shopping

one or more people eating food at a table indoors

one or more people driving snowmobiles in the snow

a man sitting down on a couch in a room

a person talking behind a podium wearing a suit outdoors during daytime
a person standing in front of a brick building or wall
children playing in a playground

one or more people swimming in a swimming pool

a crowd of people attending a football game in a stadium
an adult person running in a city street

vegetables and/or fruits

a newspaper

at least two planes both visible

a person communicating using sign language

a child or group of children dancing

people marching in a parade

male person falling down

person with a gun visible

chef or cook in a kitchen

blond female indoors

map indoors

person riding a horse including horse—drawn carts
person wearing any kind of hat

person talking on a cell phone

person holding or operating a tv or movie camera
person holding or opening a briefcase

person wearing a blue shirt

person holding, throwing or playing with a balloon

O M M O O M M MM O ®

a person wearing a scarf
a man and woman inside a car
a person holding, opening, closing or handing over a box

Y XORIZIE, 7=
MN—2ODEMEEZ L TV AR EMZ2 S D23, 7Y ID 534 [Find shots of a person talking behind a
podium wearing a suit outdoors during daytime] DX 912, A, ¥iK, #i{E, v —r ZRERCEL LD FE

TLIGIZ DT 5.

ID 544 [Find shots of a child or group of children dancing] ® X 912 A

St G DWRAR 1L 335944 AV, ZOFNL 52 b7 ) TTAEE L TV D g 24

BT HEMNRRO NG, HRAEEOMIE T —71L, 1ERK LT AT AZ2FHL, #Eho s =) Iz
FHLTTRTOT A MRBEFTLL, EAL 1000 ETOT X T OMREEREBTIVNENRNDHD. £T— L4
OREIL, 72V LT OWMEROEE 2B - - EE)E A% (nean average precision : LLF, mAP) &9
fEEEClii S 5.

32 R—XSA VU RTFLOEYE

N T A L RDMGIRB L AT DORKRNAA T T A4 LI TOEY TH 5.

(1) 7=V 3x0s (BHED) F—U—Raefithd 5.

(2) F—U—FZEET D (BHED) a7 MR ERINT 5.

(3) 7 A PBRBIZKXI L, a7 MBERNODA AT AT 52 LK, 72 XUTxT 5 2=

AR 5.




Z DOBERRTR S AT ARG R OREE R LICE S LEERIE, FICUTD2-o2E2TWA. 1 2RI,
ImageNet EfgT — & N— R [THIAFK SN D KHEE G - BT —Z X—2 2 HOTHANCEE Shizay
7 MR E HWT, 7= CHICHBT D HEEO I N—F 2w EXE e 8 Th D, BARMIICIE, R21T
R, 50,000 (EEZET) #2527 MkblsGazHWHZ T, 207 =) FEHD= &7
N EAER DA GO CRELTHZ ENTEDL LI IThoTz.

F2. MEMBI AT LATHEHATIa B AN T

LT — 2 =2 arvke7 N | 2T NOMEE L7238kt 7T L
TRECVID 346 | N, WK, v—r, #@fE GoogLeNet + SVM
FCVID 239 | N, WK, v—r, #@fE GooglLeNet + SVM
UCF 101 | #EhfE AlexNet + SVM
Places 205 | v—v AlexNet

Places 365 | v— GoogLeNet
Hybrid 1183 | A, Wik, v— AlexNet
TmageNet 1000 | A, ®ik GoogLeNet
TmageNet 4000 | A, @ik GoogLeNet
TmageNet 4437 | N, @K GoogLeNet
ImageNet 8201 | A, #if GoogLeNet
ImageNet 12988 | A, K GoogLeNet
ImageNet 21841 | A\, #iR GoogLeNet
Pascal VOC 20 | N, Wik YOLOv2

2 SHIE, BASHELHOFEINEZEATSLZ LICXY, F—U—RNZxET2ar v MBI NnEE L
ROGAETYH, RHTE2a 87 MGG EZRLIHL, HEEOIN—FE2 I ICm ELEEZAThD. 2
Z T, word2vec BT /L& W T DAL VR L TW A HEEZ R D W IS 5, BB 2 A REE WordNet
@ Synset ([f3%3E) FTHLEL a7 MRS AE LET LW ol 2177

P EDOKKRZIT>TYH, HDIRHEDZ =V LIONWTE, 4T a7 MBgE o752 0T
T, 7V WUTEB LIRS RBETE W CRHEEEMIIZT 0% W) r—2AH N D RET
Sz, ZOREICK L, a7 MBSO == g VAL LTS Z LiE, —ODIRKTIEH
L0, TRTCOF—T—REIRX—TFTLDIARAETHD. £2T, 7T LIABEL TWHVEOHEE %
N L TR 24T 9 2 & T,

® RHDOF—TU— RIS T DAL a7 Mgz o5 2 LixTcainmn?

0 AL TWLartY FgBgROMARbETr U LERETERLWVN?

Vo BRZH LT L TR,

33 avteThrEFERAV-ROTER

TRECVID, FCVID([8], UCF[91IZ 2\ T, KT — & _— 215, SR D CN Z F W TR A fhH L,
Farke 7 MZSWERAWCTa BT MBI ZER Lz, BT O EOGmICHGEO a7 SBRFEET
DINONPBIRNT END, 1 DOBENHEK 10 OB ZEMFEICE VL, Zohrbar 7 &g
TN EEREM AT 528 & Lz, BRMICIE, SEGBNOLELN M7 MVOEZEDE D &
WCRKEZGDERNET—) 72k 0, EEOREANY M 2R ZTo72. 22T, KGNS
OFIE, Hifg % ImageNet 7 — & N— X THE Iz Caffe BT — A [10] ML TWDHET LR
GoogleNet ET/V[11ICAN LT, FRENOH/ELNDFEAT MVEFIH L. BURDEEASY ML E
W L7221, &7 —F_X—2AD7 /7= ayZHOTYR— Ry Z—< 2 (SWM) OFEEITH.
TRECVID 7 — & X— 2 (%, Whifpomter /7 — a3 > [12][13] TH 2 BT\ 5 346 H7 IV ITKkH 2 EH)
SEABIO T EH W, FOVID 7 —% &y N TIEA -k - >— 2 - ATEIO TR fFHE STV D 239
BT DY OF— & EIERFNT, TRECVID 785 5 U A LSRR LT — 2 2 AH L LT SWM O¥E 54T ->7-. UCF
T—4%%vy bt FOVID &[RIERIZ, UCFL01 7 —# X— A TITEIDO 7 U35 & TW\Wbd 7 — & & 1B,
TRECVID 735 T U Z LRIR L7=TF — X 2 AL LT SWM O 21T 72, LB+ 53w 7
DA 37T X SWM OB 26 OREEEIZ LV kb 7z,




Places (z>& 7 R4k : 205, 365) [14] & Hybrid I2-2\TlX, Places205-AlexNet 7/ (205 5 =)
D 250 TR DB A FE L7-FF /), Places365-GoogleNet & /L (365 515 = U 0 180 5K D % 538
L7=EF/V), Hybrid-AlexNet ET /v (206 DY —2HT 3V & 918 OMIR BT Y &30 1183 7TV D
360 WO E B EFE LT ) ZRA L. O(WOHNEOEKE 2=y NNy —oWiRo 2 7 MMoxt
JEL TS, a7 hORXa T X NOHIE (V7 b~y 7 AR ORFT) OELZ BEEH W, TE
DT A MG T HE 2B bORATIL, ZOBGE L8]0 HINTZRK 10 7 L — LADEGZ Z1LE
NCWICADNLTHELNAEZE BT hORaT O RIEE Lz,

a7 N EKRIBIZESCT 720, HBEOFEESD InageNet T7 /L4 AV~ ImageNet (22 &7 M
1000) 1% Caffe BHFEF — A [10] 232 L TV D EF /L, ImageNet (=& 7 %% : 4000, 4437, 8201, 12988)
IZOWTIE, 7T AARATIVE AKRENERR L7- CNN[15], ImageNet (o7 M3k :21841) I, ImageNet & —
H_R—=ZADTRCEGEZEE Lz ON[16]Z Wz, Z2Th, 1 OGN LRE K10 7 L—a%2FH L,
a7 NORaTIIMIEOMEE BBV

[two or more men| =X°, lat least two planes] 72&, 22 (2 N) LLEoWE (N) 25A7F 7= X
WZXIGT 5 728, Pascal VOC 7 — 4 & v b @ 20 FIEOWIRE B IHT 5 E7 /L YOLOv2[17] & 7=, #91K (N)
DENZMBIZEm AT 252 b X2 ar v 7 Mg 2Bk L=, BARMICE, i an=%
Bounding Box IZxfd A a7 FDIERE, TP Bounding Box TR LEDLE-LDERaT L L.

INSOHEFNIHEF I N a7 MkBlgRZ2 VT, 335944 KDT A MG R CTEFHMEL, =2k
ThOAaTERB L. a8 IR ELNL AT OHPIE, 2 MCXoTRR D120,
FARF—=EZFTRTEFIHLT, Harv 7 bozxar7d 1.0 (4Z%ar 7 MIEbEE L TV LG D
2a7) 16 0.0 (MEFart MIRkbZESORVWEEO R a7) ICEET 5 nin-max EF LEZITo 72,

3-4 REEAE

I ) I SHTE R EN e T N EBETE D), 72 XEEEO a7 FOMA KD TE
HTE5), EbiZEN60arv 7 MRBRRZBICHEN THDZ EE2RIDH72D,

o TFTkl1:7xUXMhbHEBITa Y MNkBE2EET 5071k

& Tik2: /7 UICHELIVEOEK)ND 27 NkBIgR A ES T 5 5k
D EIT > 7=,

FEITE, 72V XHFOF—U— REMSLIZHY, F—U—FEREIC4A4RIOa w7 Nazffoar k&
7 R AR Lz, RICARTO 227 MERBIERN 72 WIEAIE, word2vee & VT, SFEOMHON LM
FRILTCWh a7 MaFoa 7 MBlgTRALE. 1 DOF—U— RIK L TEEOa &7
NRBISSATEET D581, O R a7 2R LE. 72 ) XTI REAaTIE, £F—U— R
KT HAITORRIZL KD,

Tk 2 TIE, £7, Yahoo BiRHE T/ = U LE AL TRBEENTEEND, FALNIR->TWHHO
ZHHETHRRL, 7= ) UTEE LI Eg % 100 BAiZIE L7z, WRIZ, &Eifg%E o &7 MNhles CREm
LT, TRECVID 7 A hF—X L[ERRICA a7 #HH LieDh, a7 NREEO A 27 O 0.5 LA
EERBBLOEER L. 7)) BRI 7 RSB OMAEDELEEZONLTZD, 72V
TN T BT A NGO A aTIE, BIRENT-a v MRS OMEFEEZ L VRD-. ZZTHE
i, HEHENTZa v 7 Mg DO 2 3T & AT

T, AaTOEWart X MRS E RS Z LICED, SETRODL RS TEEEN a7 b
DHEEOEEZ G Lz, £, FIE1 & FE2 OFEMEEROLIES, MBI - o BHEIC X 5668
WZED, a7 NRBIZROMAEDE D Z E OB D RRGEELT-

3-5 EERHER
2016, 2017 £ TRECVID THEEIN-7 VXD 5L, KBENELLE NS HDIZONT, WL OO
NE— AR, HREZHFE L. KT, WEOHZRDE O : Tdestroyed buildings), A723d 2 KEDEME
ZLTWADH O : [a person communicating using sign language], A * ¥k - > —2 « BELHAE DY
72t D : Tone or more people walking or bicycling on a bridge during daytime] O 3 fEEEZHIZ, M
FER L PRI AT RE R A IR D
(1) 2 T3 ldestroyed buildings] D#EE



7 T I 3 destroyed buildings| iZ, ADITEIRY — o2& F T, a7 FofAaEdbE bl
CEREBRTICEENTWIUERWOT, —AT2EHMARZ Y XD X IICRAD. LInLRND,
Tdestroyed buildings] ZEIEANCHRBTRER 2 v 7 FRIBRITEE LW E WO RIER H 5. %5@3,
E 1 THEATE 2P EEROa w7 MNERIE Tbuilding) OFHToH Y, ldestroyed] &9 HFENSE
WCWIE SN TLEY Z b, FHEERIT0.08%TH o7z, MBI NTZMBO AL 15 K% R THhD L, .
1 D EERIZA8T X 912 Tdestroyed] T iiﬁb\ W o Tbuilding] 0)(77((3?)071

| SN c

1. 71 3 ldestroyed building| OMERRZEFEER. HFKF v —7 DN TWD E DI IER] %
F3. B FEL T FE2

—J7, B2 Cartv T MEIEBOMAGDOEEIRE L L 2 A, FHEAER 5. 4% EL, £ TiE
HOENZ T LB LB PIRBRTE TWND Z EDRHRTE . EBEOMBRABEL R THhD L,
1 OFEIRT LI, B 15 KOG FD 9 RKIFEFTHY, TOMOARFITYH ldestroyed building]
(RN ORI SN TWD 2 L PR T 72,

%72, [ldestroyed buildings] ZFRKILTH7-DI0%, EDLHI a7 FEBIRTREDEZRET S
O, BIRENT-a v Mg E AT OEWIBIZE_XTHA L. B 107 b 2R 3ITRT.

# 3. FE212BWT, 7= U X ldestroyed buildings] 75BN &7z BAL 10 D =& 7 R ilkbilge
F—BR=2K4 DT D () Zar v M aFET.

Aa7 T N—24 art7 M
0.7519 ImageNet (12988) ruin

0. 7512 TRECVID Man_Made_Thing
0.7024 ImageNet (21841) structure

0. 6968 ImageNet (8201) ruin

0.6912 TmageNet (4437) ruin

0. 6896 TmageNet (21841) Ilobster _pot

0. 6837 TmageNet (12988) lobster _pot
0.6797 ImageNet (4437) lobster pot
0.6744 ImageNet (21841) recycling plan
0. 6679 ImageNet (4000) ruin

Z =T, ldestroyed buildingsj WCITWERE (EWZ) 2F 3 Truin (87 OB, EBR) ) A&
RENTOBERNHEEN, S5 EICERINTWEa v M 2R L CH DB L, [garbage heap (2
SOW) | Tdump (I D) ) %, ldestroyed buildings) IZHREAIC S FEEMICHIEWEKEZRS>a &7
MAFEIET A b7, —J7, £F3OHIZ, M2 DXk REBESEE >, [lobster pot ([v T AH



—HEEL DDV RNT) ] Vo2 RV a e I REER TV,

=T

R

ster_pot] DEELAH].

2. ImageNet 5T —H X—ZAHD [ Jop
Z1ix, [ldestroyed buildings] OfREEIEEH, FITHMNHWT 7 2AF ¥ BNE TN TV D FFHAR,
[Jobster_pot] OEIZETWAZ EEZEHRLTWAS EEZBND. DF D, ldestroyed buildings] 1%,
(building) £\ 2 a7 M, HIDWT 7 AF ¥ 2L LR TH D [ lobster_pot] Da &7 N
Mz HZEIZEVRBAREEEZEZ DL HTED.

(2) 2 x1)X laperson communicating using sign language] M#&E%R
FIELI T, 72 ) THOF—U— Fnbigdt 5 a0 v 7 bikilges RO 58, 2 SORENRH - 7=,
1 2HIX, Tcommunicating] & [sign language| ([Zxnd b a7 MBI FEE LW &, 2 20T,
[sign language| &WHIEEFEMND, o T Tsign () LW O a7 FBlGmEAEIINATLES Z
LThole., ZNHORMBIZLY, FEEARIT0.03% L EWKEEIZ/R>TLE-T
=, FlE2EZAWT, 7o) X EBFENOHEONTEa B FOMAGDOETERBIT 52 LICkD,
SEHIE A RIT 27, 06% & REREEN A ONTZ. LNLARRS, BRINTZEOa 2T FoIEEAERA
IZBhET A L9 Z L AR X, lcommunicating] =° [sign language| Z¥E X HE ANz &R
DFBZ EIFTE o7,
(3) ¥ x1)X Tone or more people walking or bicycling on a bridge during daytime ] D#&%&
oYL, AN, Wik, BifE, v—roa BT EREENTWDD, N5 EFERHICE A TZHE
BROTABMNENDD. FiE1 T, [peoplel, walkingl, bicycling|, lbridgel, [Daytime Outdoor]
EWwolzcare 7 MRS FIHATE LD, 72 UHFOXF—TU—RET X THN—=TETNDHEIITHAZ
L. UL G, FHEERIT LIS EOBRREBE ThH 7. TOBBEZITT 5720, LALOBREH
AR AE R CHIL Z A, Tbridge] 2RZEINLELTWAHHDONEL, lTonabridge] #RKETHEHD
TlidZero7-. 312”9 ImageNet 12D a7 b [bhridge] DEEZ R TAHATY, 1B &2K42E LTI
LXOBRBONIZEAETHDZ ERbND.

3. ImageNet T — X X— XD [hridge] DEEH]



F 4, FHE21ZBWT, 7= VUL lone or more people walking or bicycling on a bridge during daytime |
DHRIREI N B 10O 2 &7 MifkBlgR. 7= _X—=2L40F0 () iFartvr MragT.

a7y T R—= A arvtv 7 M
0.7474 ImageNet (21841) footbhridge

0.7474 Hybrid suspension_bridge
0. 7432 ImageNet (4000) footbridge

0. 7362 ImageNet (4437) footbridge

0. 7252 ImageNet (12988) footbridge

0.7214 TRECVID Man_Made_Thing
0.7193 ImageNet (21841) Tourist

0.7028 Hybrid shopping cart

0. 6962 ITmageNet (21841) gangway

0. 6961 ImageNet (21841) suspension_bridge

5. ImageNet T — X X— 2D [shopping cart] D E{EH]

— 07, FE2TIE, 72 WA L EG»LEON-a v 7 FEFIHT 5 2 & T, FEEARIT 4. 05%
L, BTORBERERR LN, EMICERENZa v 7 M E2E 4173, Z 2 TlX, lfootbridgel &
WO A ET IRV DO T —FRXR—=ANLEITNTND I EPERTEDL. Zoarv7 NoEBE
ImageNet 7 — X X—ATHERT D &, KA ITRT LI, BOELRBEDO ETIHRE SN TV DHEEAZ N
Emoind. Fio, T Z TS IZRT Tshopping cart] &) SEMICEL RV 27 FAEIRI N
TWD DIIHED I & DR OTEARIFFEDS T shopping cart] DRIV LTH D, ZO X725
N2 B2 a7 Mlkblgs S, 7=V USKST R BERBETE5 2 60D, BEBRE
DOREEZ EIEDZ ENARETHD.

4 FEHESKRDRE
AT, 7YX OFFMBUERE DO X X7 I8 WT, MET5art7 MBRROSNL RN T25E
DOXREBRF L7, WRAREEEH WD Z EICLY, BENRa T M e /o5, 72 Xaro=



BT NOMAEDETRELT D & Vo ik 2 AT

A OFESE., Tdestroyed building] 26 [ruinl, Ton a bridge] 225 [ footbridge] @ X 91T, W%k
R TR EN a7 b 2GRN TERE., ZRHEFEELEIZBIT SV (T 71
—X) OMEEZRES Z XY, RPN RIAEND.

F7-, ldestroyed building] 7°& [lobster pot|, Ton a bridge] 7 [shopping cart] &\uN->7=, [
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