Geotagged Image Recognition
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Data Collection

& Geotagged Photos are easy 1o obtain. € 1/0 classification for 28 classes
___ “Mountain’ by 5-fold cross validation

* 200 positive & 200 negative images for_each class
 Evaluated by average precision - Z‘ng\\

Pan®@ramio

| e o ~ . D
| fngitude- 140.85289 GO nale LS) Locati " recal
e = L Maps oca ,:F‘?" (LM) Landmark (GE) Geographical
ok ':’DE'Z ¢ S . T ~ A = O —— - d
prral ety ( ;D ()G l "" and bridge, shrine, building, lake, river, beach
Level 4 eve eve eve iIsheyian : o
497m x 497m 1.91kmx  7.64kmx  30.8km x , Earth € Tok VT castle, railroad (TD) Time
256x256  1.91km  7.64km  30.8km . OKyo lower .
256x256  256x256 256x256  Web map services (SP) Space (OA) Outdoor artifact dependent

‘ ; j > = W5 :;:i‘ f«vff-"\‘.w- o )::"‘"?;’J ff‘})— L e E s !’gl ¥y " ‘ |2 & i
H " . h : A )4 e SRR | T4 lias 75 S8
& Gather 4 levels of aerial photos for e

pg,,-k, garden, statue, car, bicycle, graffiti,

sunset, cherry blossom,

7 each geotagged photo, landscape vending machine e e fongival
oot 14005789  ongiudertd 39249 longhudecty oasea  lommuden13s 1608 (CR) Creature W g 5] (FD) Food = &
geotag = (latitude. longitude) F e a _'_ u r e S cat, bird, flm.uer: . sushi, ramen nood;e |
Can a geotag help image recognition ? 3 + Classification results (AP, %)
‘ ag-of -features (BoF) (local pattern) gy 669bVVT +169 +o.\%4_
T (1) Sample points by grid sampling (every 70px) - by VAT by VT *v 21
I . and describe local patterns around ) ' = :
No ! when using them only as 2D vectors, the sampled points with SIFT [Lowe 2004] I 1130 I ;3'327 . I s
e (2) Generate codebooks by K-means (size: 1000) and 80 oY VF by VT by VATEC
) . convert images into BoF vectors 8
Yes ! It can help image recognition by voting to nearest codewo 8 r FI FI "
by converting it into aerial photos. f,'::*gg: e -\ 76 :

for each image

Fws ‘ = ' b ’
E—— kg gy - LS LM GE SP O0A TD (R
attude=42.84422 - corresponding aerial photos _mm )-v; s mVG =VT =BA =VA =VAT =VGTD =VATD - All
longitude=140.85289 R ]
: 9 Geo-t1ext(T) is more helpful than aerial(A) in many cases
' Represent geographical context | £ 1 - ¥ g ™ 1) Is more helpul A Y CARES,
[11J. Luo, J. Yu, D. Joshi, and W. Hao.  [3] K. Yaegashi and K. Yanai. Can geotags = h‘:s!:;:vm: BoF n ° COH"’I" lbU"'lOﬂ WEIQh"‘S bv MKL
Event r?cogmh.on: Viewing the help image recognition ? In Proc of '00% .
world with a third eye. In Proc of  pacific-Rim Symposium on Image and . . O
ACM Infernational Conference Video Technology, 2009 € Geo-information textual features B on
Multimedis, 2008 80%

Latitude Yahoo! Japan Local Search API
Longitude at (35.486795,140.423641) M §0% |

Yes ! 1T can also help image recognition

by reverse geo-coding, o e N
.[2] Joshi, D, Luo, J.:. In: Proc. of Inferring generic ?cﬁviﬁes and events from Geo-inform- Hotel Izukyu m 40%
;nlll?i/i z’c;gmlzg’t;gjjags of geo-tags ACM Infernational Conference on Image (35.486795,140.423641) aﬁon +ex+ S irr'r:f. 2?] ;nsai ggfen;ahzi?tcall : Z 0% _
Shimoda prince hotel m
v building office Splif in"'o Shimoda Shirahama post office oo/ ) .
H post temple Shirahama nurser [] 0
‘Ques.}lon ? - sc.h.c?ol WOPdS Ml.JnicipaIShiraha»:na elem. school g LS L" GE SP OA TD CR FD
1) To what extent can geotags help - Top 2000 e jremeenaliad g wyjs wherial sLocation =Texts s=Time = =
Z2) What Kinds of categories are words (bins) [ LAl 210 Route 135 mE |In ?llhm;helcafgs, +§xG+E(T) wc.ellgtR‘s are 'I]irger +ha|n+?er;a|§A)
P oMo gas station
geotags effective for 7 / m  waghts In LS and GE, srlaA) weights ar rlativly arge
R R .. Examples of costume-play | Disneyland castle
We evaluate the contribution of three o o r o " geo-text features [Nkl 00BTparking OO 00321
-fea','ur'es fOl“ image recogni'ﬁon bv Lear nl ng & Clas S I fVI ng - (fop 5 elements of the[[Tokyo ’ 0.0250 %okygo 0.0649 coglpa,ny 0.0201
o o o . . B average word vector pariing 8'8333“\43“’1&“1&%’8% pul cing 20197
using Multiple Kernel Learning (MKL). | & Multiple [ernel Learning ™ over the concepl—“cri et o Syl
o Hower vending machine| ramen noodle
° ls an ex+ens+lon O'f a SVM . L] building  0.1089 buildingg 0.0286|building 0.0522
- Can handle "a combined Kernel” whichis alinear = Er;llfassy 8832? company 88@ C%?S%@B‘Biéé
combination of Kernels. - Location | (R, ool 0021 1humsery 0.0168city | 0.0117
1 o0 .Can eg-’-ima-’-e kernel weigh-’-g and SVM model [] words [Kamiyacho ).0199| Toyama 0.0154|center 0.0115
longitude=140.852899 parameters simultaneously. =
-Can integrate features by assigning one feature : m
to one Kernel.
Combined kernel « ®Analyzed contribution ratios of

Level 3 Level 2 Level 1
497m x 497m 1.91km x 7.64km x 7.64km 30.8km x 30.8km
256x256 1.91km 256x256 256x256

7

BoF BoF || BoF BoF BoF

ﬁ—J

Aerial(A) Geo-location((iﬂ LA

Level 4

photo BoF kernel || aerial photo(Lv]) ker |- Aerial photo(Lv4) ker, : ael" ial images 'fOl‘ image r ecogni','ion

e e I ot Pt
k(Xf:Xj) — 2@£(k(xfrxf) : .
L

-Geo-textual features and aerial features
improved AP for most of the concepts
-Less helpful for food concepts

—1 Kernel weight (1o be estimated by MKL)

¢guumnu® . BoF HSV Aerial Geo Text Date

mountain rodge Vis (BoF + HSV) v v = S -Texts are more help.fu.l +han.ae.rial photos
mountain highway Vis + G (VG) v v v = §_ for our dataset (limited within Japan)
i convenience store | san pas Vis + T (VT) v Vv v =5 (depending on availability of rev-geocoding)
Reverse geo-coding | =>2>— BoF + A (BA) 4 4 - D
Texi(r) bY localsearch API " Vs (AR v v v =) OFuture work
‘Nnate(o) B Vis+tA+T(VAT) v v v v >3 @  More large-scale experiments
‘ P Vis +G+T+D(VGTD) v v v vV v ok with much more categories
MKL Histogram for month and hour | Vis+tA+T+D((ATD) v v v v v LB 2\ - multi-class experimenfs
Time and date the photo was taken All (AlI) v Vv vV VvV vV V




