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BacKground: geotagged photos

- The number of geo-t1agged photos on

flickr
Home You

NORTH

the Web grows rapidlv- Flickr, panoramio
- Flickr has 40, 000 OOO geo*&aged photos.

- (In the beginning“of 2008)

A “geo-tag”
represents the
coordinates
e = (latitude,longitude)
\ : of a location where
a photo are taken.




Motivation : Objects over the World

- So with such geotagged photos, we like 10

discover specific objects over the world
v' Do you Know all Kinds of famous noodles * in the
world?

v' "'Ramen” and "Soba’ i in Japan, "Thai noodle” in Thailand,
_ Chmese noodles “rice noodle” Taiwan, Spaghefh in HHaly---

\/ How do such scenes as beach waferfall",
‘mountain’ looK liKe in leeren+ areas in the world?

L v'How about other objects such as flower , castle -

As a result, we can discover cultural differences
on specific concepts over the world !



Objective of our work

- 'To mine representative photos for
representative areas from geotagged
photos related 10 generic concepis,.

noodle, wedding cake, waterfall, car, castle, beach, flower
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Related Work

Automatic selection of landmarks.

Lyndon Kennedy and Mor Naaman: Generating Diverse and Representative Image
Search Results for Landmarks, ACM WWW2008, pp.297-306, (2008).

Tagged Photos iscover s Rank Clusters by "Representativeness” L‘
o i | B Location Summary 4 . i g
g . (Representative Photos) I |
- 8- = e

Discarded Views

(Non-representative Photos) q K\q, @

Till Quack, Bastian Leibe and Luc Van Gool: World-scale Mining of Objects
and EvenTs from Communu'ry Photo Collections, ACM CIVR, pp.47-56, (2008).

They 'rr'eated wn‘h only Iandmar'k photos not generic photos




Approach : three steps

1) Select relevant photos and remove noise
v Generate image feature vectors
v Visual clustering
v Select most relevant clusters

2) Detect representative regions
v’ Clustering based on geographic locations

3) Generate representative photo sets

for representative regions
v’ Generate the PLSA topic vectors

v  Aggregate photos according to the distribution of mixture
topics



[Image representation]
bag-of-visual-words [csuQ4]

- Represent an image by a set of local image

features
1. Sample Keypoints randomly and

compute SIFT descriptor over each Keypoint

2. Vector-quantize SIFT vectors 1o form visual words

(codebook generation)

3. Build histograms by mapping each feature vector to certain
visual words - regarded as image feature vectors

I
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PLONENLS B '

codewords (visual words



Approach: (1) noise removal

1) Select relevant photos and remove noise
v Generate image feature vectors
v'Visual clustering

{ k-means clustering over bag-of-visual-words vectors.

(In the experiments, we set k to 200 for 2000 images.)

|

v’ Select most relevant clusters

-

Evaluate the intra—cluster similarity. \

SIM(C) =

2P, pyeC,i%j Sim( P, Pj)

r;.(';z

sim(P;, Pj) =

V-V,

VIVillV

Discard the clusters with small members (m<10)
or small similarity. (select 40 clusters)




Approach: (2) location clustering

2) Detect representative regions
v Clustering based on geographic locations

K-means clustering over location vectors :
(longtude, latitude) (k=5)




Approach: (3) select regional s

representative photos
3) Generate representative photo sets

for representative regions

v Generate the PLSA topic vectors (vector compression)
v'Probabilistic Latent Semantic Analysis (PLSA)
P(word, image) = P(image) > | p(word | topic)P(topic|image)
topic
a method to compress a vector to extrac; “topic” elements like Latent Semantic Analysis
v Aggregate photos according to the distribution of
mixture topics

4 N
K-means clustering over
PLSA topic vectors (k=5) for each region .
KSelect the largest cluster as a final result. )




Example P(topiclimage) e

of a PLSA
result

- Mountain
10 topics

—

probabilistic
soft
clustering
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Experimental Results

‘noodle”, flower , ‘castle’, ‘waterfall

"beach

v" For each concept , collect about 2000 geo-tagged photos
from Flickr distributed evenly in the world wide areas

. Quantitative evaluation for the 1st step

v' Evaluation on our proposed method for extracting the most
relevant photos

v' Precision and Recall
v' Color-histogram-based method for comparison

- Examples of regional representative
photos



Quantitative Evaluation 13

for (1) noise removal
raw vs, color-based vs, BoVW (proposed)

Raw photos

Concepts From Flickr

Selection by

Color-based Method|Proposed NMethod

Selection by

111:H:H:HE'

Hower

castle

waterfall

beach

TOTAL/AVG.

Precision

Recall

a0
80 -
74
c G0 -
CTT 50 -
o
40 -
30 -
20 -
10 -
0 |

waterfall

W Raw B Selection by Color-based Method Selection by Proposed Method
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Figure 2: "Noodle” in Japan. Chinese-style noodle

“ramen’ is popular.
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Figure 3: "Noodle” in Europe. Most of photos are

“Spaghetti”.




[Example of results]

[Piease choose your options] Keyword: District:

[Animation Corvtml]

[Please choose your options] Keyword: District: E

flower

[Animation Cantrnl]

= - [1] Map | Satelite | Hybrid | Terrain Representative photos for "flower”
[ Map_ | satelite | Rybric | Temain Representative photos for "flower” ARe
v
(16/91] X
[35.349055, 139.521388) - otand [11/68] X
e Suom!
Poccus [52.269316, 4.546076] Finiand
Kazakhstan B
El Mongolia
Uzbekistan Hymyision s
Turkmenistan w ! - e 2 Kingdom
Afghanistan China [Please choose your options) Keyword: District: [Animation Cnntml]- - - Bonapycr ¢
iran Beans g
e, Homye!
Pakistan o " M b ", . T X
Nl - il Y ' [ map | satelite | Hybria | Temain | Representative photos for "flower’ \
g R e 5 R s
oo ol [-6.048824, -34.939924]
a
0, Th ™
Becram
Gut of
México Moxico
= PR
nmu.n\ 000 e
Indoy
iokm T Q_@_ Uatn G008 ZENRN, Europa Techriokoges - 141 11
o | The University of Electro-Communications, Tokyo, Japan
© 2008 Yanai Lab., Department of Computer Science, The University of Electro [ | el
Colombia
o _—
[Please choose your options] Keyword: District % [&nimation Control]
®o
Pe
Map | Satelite | Hybrid | Terrain | o ybrid Representative photos for "flower"
[10/53] = 2
[-24.914129, 152,456868] =] anglny
S Crae ewioundista
Papua N¢ nd Labrador
O L -
e Argentina
S m..n.\k m,m
Map dota @2008 Tele Atlas, MapLink/Tele Atlas, AND, Europa Technologees -
© 2008 Yanai Lab., Department of Computer Science, The University of Electro-Communications, Tokyo, Japan T
q'F “1 Nova. [dward
No ern South f-”"ﬁ p’ Scotia' HlIsland|
aar L
Wyoming frves Vermont
Queensland e Nebraska, il New/Hampshire
mec(;x
Denver nsas  Minois ndiana OIO Ong Massachusetts
Austratia o o nnode Isiand
(sl i ¥ Coosdo g i guisCinomat 0
Australia & Kansas  i\gguri® ugm. Conr\ccucu(
e S Kentuck,
s Nv:v/ Jorsey,
Aveiratia \wa,quyme Oxlatiomay, "‘" ¢ Cﬂrolma DaRWAN
na M South Maryland|
New South "‘“?’“1 Mcxlco D“g“ M‘55>55‘W" Al Carolina) D4smc| ol
Wak
e Austin® Louisiana lacksonuis
Chihyanua™d/ ™\ louston| t North
PVACT e San e Atlantic
vi Antonio Atlantc
VeidEime \ Fiori
< Morierey. Qe
Mexico. Miami
e México La Mébau
Powesen Y 500 mi Tasmania New v a’g“’“k 500 mi o B,
Coc Jaar: Zeaiand |_|_I\ ST, b " i G
*’8k|m-mmm.m.mm°sc§mmmw.m,wvm S V8 g Cldsiios o Hiap ciota ©2008 LeapQyi@pseping, Tele Atlas - 1o

% AORO Vasiat | mb

T I T B R S Y | K Py = Y N SN 2 ST S~ Y, oy 5y

© 2008 Yanai Lab., Department of Computer Science, The University of Electro-Communications, Tokyo, Japan



Example of results] "waterfall
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Figure 4: ”Weddlng cake” in Mid US. Tall cakes are

common. This is five-layered.
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Figure 5: ”Wedding cake” in Emope They are

much shorter and simpler than US.
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Conclusion

v'We have proposed a novel topic which is
1o discover canonical photos of the

specific objects over the world.
v'The results help discover cultural differences,

For more results, please access:
htitp:/ /mm.csuec.ac.jp/qiu-b/ASRP /



