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outline

= task formulation

= bag-of-words (BoW) model

= BoW generic point-of-view = other approaches
= fast spatial (geometric) matching

= special retrieval tasks



the task



image retrieval - example

query imag
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image retrieval

History edi

Originally a family business, the pub was founded in 1499,!"]
and therefore celebrated its 500th anniversary in 1999. It has
been referred to as the oldest brewery in Prague. In 1762 the

for landmark recognition



image retrieval

for e-commerce

Figure from Li et al. 2016



image retrieval

for logo infringement identification



N image retrieval - task

= given a and an image collection (database)

 rank all images
e retrieve most relevant

= relevance defined in different ways, according to the task

T

{ N

identical photo identical object infringement

= retrieval approaches characterized by performance

o quality: ability to retrieve relevant images first
« speed: small query time
« memory footprint: low memory requirements

o scalability: applicability to large image collections



retrieval is a ranking task for a given query “q"
relevance is defined for pairs (g,a), “a” is a database image

degree of relevance s(q,a)
 estimate it to perform retrieval
 need for ground-truth

difficult to obtain continuous degree of relevance in ground-truth
« binary approximation

—1: positive / matching /relevant pair
— 0: negative / non-matching / non-relevant pair



12 . . .
image retrieval - evaluation

query:
= 10 database images

= 5 relevant images, according to binary pairwise labels
= select a “window” of top-k images

= measure precision@k and recall@k

= what should k be? should we use only one window?

ranking:

relevant elements
| 1

How many selected
: : items are relevant?
false negatives true negatives Items are relevant

Precision =

How many relevant
items are selected?

Recall = —

selected elements
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13 . . .
image retrieval - evaluation

= 10 database images
= 5 relevant images, according to binary pairwise labels

= select a “window” of top-k images

= measure precision@k and recall@k
= what should k be? should we use only one window?

ranking:

dﬂ L

I

precision

area under the curve
Average Precision (AP)

il o AN

0 0.2 0.4 0.6 0.8
recall




visual representation
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- visual representation — vector space

= map images to a high dimensional representation space

= image descriptor X = f(z28) € RP

= function fis hand-crafted or learned

« so that proximity reflects relevance

= retrieval is performed by nearest neighbor search

representation space

similarity estimation ranking

T
fu I X - [81182183784735786]
€ RP
example: cosine similarity

dot product of L2 normalized descriptors

= how to obtain (global) image descriptors?

o let's revisit local features & descriptors first...



" visual representation — local descriptors

X — N = S8
— e

X = {x}, x € R




" visual representation — local descriptors

= represent an image by a set of local descriptors

X = {x} x € R e

Q **mﬂcww*“‘ )

= obtain global descriptor as a function of a local descriptor set

= h(X) € R”




" visual representation — local descriptors

= represent an image by a set of local descriptors

X = g(58)

= obtain global descriptor as a function of a local descriptor set

= h(X) € R”

= inherit their invariance properties

= robustness to occlusions and background clutter



local features




bag-of-words
BoW



N bag-of-words - representation

= inspired by natural language processing
o text document represented by the set of words in it
= quantize the space of local descriptors

« eg. with k-means clustering
e each cluster is a visual word

= visual codebook: set of visual words (centroids)

[Sivic & Zisserman. ICCV'03]
[Csurka et al. ECCVW'04]
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features (patches) in the same cluster

Cluster ID: 88646 - Size: 261

N

im:105 - class:2 im:495 - class:7 im:1025 - class:14 im:1095 - class:16 im:1450 - class:20 im:1470 - class:22 im:1830 - class:26
im:1830 - class:26 im:2445 - class:35 im:3595 - class:50 im:4405 - class:62 im:4405 - class:62 im:4460 - class:64 im:4965 - class:71

¥

|
im:5450 - class:77 im:6940 - class:100 im:7195 - class:103 im:7535 - class:107 im:8230 - class:118 im:8825 - class:127 im:9105 - class:130

im:9250 - class:133 im:9250 - class:133 im:9410 - class:134 im:9410 - class:134 im:9410 - class:134 im:9410 - class:134 im:9695 - class:139

im:9800 - class:140 im:9960 - class:143 im:9960 - class:143 im:10125 - class:145 im:10205 - class:146 im:11070 - class:154 im:11470 - class:158

im:12470 - class:166 im:12895 - class:170 im:13935 - class:180 im:14075 - class:181 im:14780 - class:187 im:15340 - class:191 im:16920 - class:205

-
H

im:18900 - class:222 im:19605 - class:228 im:19830 - class:230 im:20870 - class:239 im:20975 - class:240 im:22115 - class:0 im:22655 - class:15

= 3 KN N S S
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- bag-of-words - representation

= inspired by natural language processing
o text document represented by the set of words in it
= quantize the space of local descriptors

« eg. with k-means clustering
e each cell (cluster) is a visual word

= visual codebook: set of visual words (centroids)

= assign local descriptors to visual words
 according to the nearest centroid

= histogram of visual word occurrences (term-frequency) per image

_[1 1 0 2]

[Sivic & Zisserman. ICCV'03]
[Csurka et al. ECCVW'04]




23

local features with the same visual word




24

bag-of-words - similarity

X'y
COS ( = X (1
XY~ IIXII !IYII Z

bag of words representation
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bag-of-words - similarity

X'y
COS = X (1
XY IIXllHYIIZ
database query score
®® OO
Y, (1 2 0
bag of words representation 1 (100 2) ® 1
° Xq 3 =
©0

D1
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bag-of-words - similarity

bag of words representation
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bag-of-words - similarity

Y
bag of words representation Yz:O 2 0 1) ,X ®3 = S,
Y.(1 0 0 0) >3
3 ©0

D1
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v bag-of-words - similarity

Y
bag of words representation Yz:O 2 0 1) ,X ®3 = S,
Y.(1 0 0 0) >3
3 ©0

D1



v bag-of-words - similarity

L LSy
— ? ?
XY =
query score
Y 0
bag of words representation y :0 2 0 1) X 3 22
2 o =
Y,(1 0 0 0) ©0 s,
. @ 1 .
= inverse-document-frequency (idf):
# images

multiply dimension i with w, = log

# images with word i

« down-weighs highly populated visual words
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cluster sizes

Frequency
&
(=)

-

0

20000

40000 60000
Cluster ID

80000

100000
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cluster size = 312

Cluster ID: 2596 - Size: 312
im:1880 - class:28 im:3615 - class:50 im:4205 - class:59 im:4790 - class:68 im:5265 - class:76

LY »

im:735 - class:11

im:9250 - class:133 im:9525 - class:137
| im
iy, T

im:7525 - class:107

[ B
im:11570 - class:159 im:11870 - class:161 im:12385 - class:166 im:12410 - class:166

e

im:14295 - class:183 im:14835 - class:187 im:15110 - class:189 im:15505 - class:193 im:16375 - class:201 im:16495 - class:202

a3
v

im:20650 - class:237 im:20650 - class:237

¥e 7
:‘;l'

Lt N A

im:22520 - class:12

im:16750 - class:203 im:19285 - class:225 im:20150 - class:233 im:20560 - class:237

im:22140 - class:0

im:21825 - class:247

im:21545 - class:246

im:22755 - class:18 im:22760 - class:18 im:23140 - class:30 im:23205 - class:33 im:23920 - class:51
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cluster size = 92

Cluster ID: 4070 - Size: 92
im:1645 - class:23 im:1830 - class:26 im:2870 - class:40 im:2870 - class:40 im:3175 - class:44 im:3580 - class:50 im:3855 - class:55

A

im:3855 - class:55 im:5100 - class:73 im:5100 - class:73 im:5495 - class:79 im:5895 - class:85 im:5895 - class:85 im:7695 - class:110

’

im:8235 - class:118 im:8420 - class:121 im:9445 - class:136 im:9725 - class:140 im:9805 - class:140 im:10710 - class:151 im:11130 - class:155
¥ ’

4
im:14165 - class:182 im:14185 - class:182

im:14185 - class:182 im:14185 - class:182 im:14185 - class:182 im:14500 - class:184 im:14715 - class:186 im:14775 - class:187 im:14775 - class:187

- - ’
“ ’ ‘ m

im:15715 - class:194 im:16275 - class:200 im:16590 - class:202 im:16875 - class:204 im:18490 - class:218 im:19475 - class:227 im:19545 - class:227

im:19780 - class:230 im:20125 - class:233 im:22135 - class:0 im:24070 - class:54 im:24125 - class:57 im:24190 - class:60 im:24770 - class:75

im:11350 - class:157 im:12400 - class:166 im:12480 - class:166 im:13550 - class:176
. v

«

(-*

»
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cluster size = 92

Cluster ID: 39426 - Size: 92
im:20 - class:1 im:90 - class:1 im:380 - class:5 im:1010 - class:14 im:1070 - class:16 im:1370 - class:20 im:1575 - class:23

"7

im:2275 - class:32 im:2470 - class:35 im:2480 - class:35 im:2485 - class:35 im:3475 - class:49 im:3915 - class:55 im:4975 - class:71

im:6190 - class:88 im:6260 - class:89 im:6265 - class:89 im:6265 - class:89 im:6305 - class:91 im:6395 - class:91 im:8235 - class:118
e [

im:9715 - class:139 im:11070 - class:154 im:11420 - class:157 im:11995 - class:162 im:12935 - class:170 im:13270 - class:174 im:13865 - class:179

im:13955 - class:180 im:14070 - class:181 im:14075 - class:181 im:14510 - class:184 im:14875 - class:187 im:16180 - class:199
.

im:19275 - class:225

im:22075 - class:0 im:23360 - class:36

im:22225 - class:3 im:22595 - class:15 im:23250 - class:33

im:23360 - class:36 im:23415 - class:36 im:23835 - class:48 im:24195 - class:60 im:24305 - class:63 im:24730 - class:75 im:24745 - class:75
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bag-of-words — retrieval

4
1
3
7

35678
visual words

inverted file
visual word image ID
1 1510 ... 7350125
2 2712 ..7399121
3 1415 ... 7200190 :D
40000 3710 ... 7012245

=« efficient computation by skipping zero elements

= inverted-file structure

« image-id list per visual word

— contains images with that word

e« query time: visit only lists of words in the query

similarity estimation

& sorting
score image ID
0.87 5
0.75 1573
0.52 11202
0.001 32

retrieval result ﬂ




v impact of codebook size

= small (eg. 128)

 dense representation: compatible with approximate NN search
« memory: #images x codebook-size x descriptor-element-footprint
« appropriate for category-level matching

= very large (eg. 109)
 sparse representation: use of inverted-file

e memory: total-number-of-features x image-id-footprint
« appropriate for instance-level matching




" bag-of-words - example

= local descriptors mapped to the same visual word for different codebook size

64 visual words

103 visual words

106 visual words




BoW & other approaches

from a different point of view

37



N bag-of-words

§ (z ¢<x>) 'S o)

xeX yey

= local embedding: ¢(x) =[0,...,1,...,0]", x assigned to word ¢(x)
q(x)-th element

®)[0001] =
©® [0001] [0001] (D i 77

_>@[1ooo]>[1102] [1011]<[1000]@e}-

[0010] ©< .
He s ‘!_%[01001 R

—




N bag-of-words

: T
ity | — S(»c,woc(Z ¢<x>> S oly)

xeX yey

= local embedding: ¢(x) =[0,...,1,...,0]", x assigned to word ¢(x)
q(x)-th element

—

%Egggﬂ [0001] D b’ L
—>@[1000] _[1102] 11011 | [1000) @< WCE

[0010] ©<—

—




b bag-of-words

' I
ISrinr:i%aerity —> | S(X,Y)|x (Z ¢(x)> Z P(y) global

XEX yey descriptor

= local embedding: ¢(x) =[0,...,1,...,0]", x assigned to word ¢(x)
q(x)-th element

[0001] =
%[0001] [0001] D ; Y

®[0100] [0010] ©<—

—
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bag-of-words

' I
ISrinr:i%aerity —> | S(X,Y)|x (Z ¢(x)> Z P(y) global

XEX yEY descriptor
- Z Z ¢(X)T¢(Y) <— |voting approach
xeXyey

= local embedding: ¢(x) =[0,...,1,...,0]", x assigned to word ¢(x)
q(x)-th element

%Egggﬂ [0001] D b’ L
— @ [1000] [1000] B« ™¢

d . [0010] ©<— remasy
i [0100]
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bag-of-words

' iR
ISrir:‘:ii?rity —> | S(X,Y)|x (Z gb(x)) Z P(y) global

ceX yey descriptor
= Z Z qb(X)Tqb(y) <— |voting approach
xeX yey

= local embedding: ¢(x) =[0,...,1,...,0]", x assigned to word ¢(x)
q(x)-th element

= same result achieved in two ways:

o voting approach: accumulate local similarity of all pairs
e dot product of two vectors (efficient)

= accumulate 0 if different visual word, 1 (or idf) if same visual word

« what about more fine-grained votes?



vector of locally aggregated descriptors (VLAD)

= fine-grained votes equal to
* 0, if q(x) # q(y) (different visual words)

» r(x) " r(y), if ¢(x) = q(y) (same visual word)
= residual vector r(X) = X — Cy(x)

® local embedding ¢(x)=[0",...,7(x)",...,0"]"

q(x)-th sub-vector

[Jegou et al. CVPR'10]



vector of locally aggregated descriptors (VLAD)

= voting approach
* intuitive but inefficient

S(X,V) o Y > o(x) (y)

xcX ye)y

= global descriptor similarity
» efficient via dot product (dK dimensions)

)
S(X,Y) o ( > ¢<x>> > oly)

xeEX yey

[Jegou et al. CVPR'10]



vector of locally aggregated descriptors (VLAD)

= global descriptor similarity

—

' o'o'o  rix;) 1"
. % [OTOTOTr(x;)T]T [OTOTOTr(yl)
, @[T(x3)ToT0TOT]T - .. - [T(yz)ToTOTOT]T

[OTOTr(yg)TOT]T

T]T

, B)[0  r(x4)"T0T0OT]T

e sum to obtain global descriptors
« dot product for similarity

TAT AT

. —— 'ololreyn"1T

[OTOTr(y3)TOT]T

e non-binary votes
« according to descriptor similarity
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VLAD and related approaches

= VLAD variations

o use L2 normalized residuals [Delhumeau et al. ACMMM'13]
— only angles matter

e L2 normalization of each d-dimensional VLAD sub-vector

— handles features from repeating patterns
— [Arandjelovic & Zisserman, CVPR'13]

= Fisher vectors [Perronnin et al. CVPR'10]

 Gaussian-Mixture-Model instead of k-means

o different derivation: gradient log-likelihood of local descriptors
o soft-assign to all visual words

e residual vectors normalized (divided) by cluster variance
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selective match kernel (SMK)

= use a local similarity function to estimate votes

S(X,Y) o<y > 3(6(x) o(y))

xceXye)y \ residual vector

= equivalently iterate over common visual words VV between X" and )/

S, V) o Y Y Y s(é(x) o(y)), where Xy, = {x: q(x) =k}

EEW xEX, yEYVi

= non-linear local similarity function (more selective votes)

“ ifz >t
s(z):{z’ T z >

0, otherwise

vote

= only seen as a voting approach z
* no equivalence to global descriptor. why?

[Tolias et al. ICCV'13]



" impact of the local similarity function

= numerical example:

= exponent a = 1
= [0.505050505] =25
= [0.70.70.7020.2] = 25
= exponent a = 2
= [0.5050.50.50.5] = 1.25
= [0.70.70.70.20.2] = 1.55
= exponent a = 3
= [0.50.50.50.50.5] = 0.62
= [0.70.70.70.20.2] = 1.05



. SMK = retrieval

Input: query inverted file similarity estimation
word image ID & residual vectors & sorting
4 g .} 1 1 W— score image ID
ﬂ 0.87 5
“l I 0.75 1573
T
3 — 2 2712 .. 7399121 = 0.52 11202
7 “l I 0.001 32
35678 3 1415 ... 7200190 ﬂ
visual words III I retrieval result
residual 40000 3710 ... 7012245
vectors II I I

= lists of (image-id, residual vectors) per visual word

= iterate over elements of relevant lists (of query visual word)

« dot product between query and db-image vectors
o use local similarity function
« accumulate votes per db-image
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settings for identical object retrieval

= BoW

o very large codebook (eg. 106)

« compatible with inverted-file

 lower memory requirements than SMK but less precise
« provides tentative correspondences

= VLAD

o small codebook (eg. 128)
« dimensionality reduction
« small memory footprint

o efficient search

— compatible with approximate nearest neighbor search methods
= SMK

« large codebook (eg. 65k)

« compatible with inverted-file

« memory demanding and slower search than BoW but better performance
 provides tentative correspondences



fast spatial matching



v spatial matching and verification

=« RANSAC-like approach to find inlier correspondences
o find the geometric transformation with the largest number of inliers
o use the number of inliers as image-to-image similarity

= 1st stage of retrieval: rank all images with BoW
= 2nd stage: re-rank top-ranked images according to the number of inliers

= efficiency is important = method inspired by RANSAC but sped-up

query top retrieved

[Philbin et al. CVPR'07] [Perdoch et al. CVPR'09]



spatial verification: input - output

input:
tentative correspondences
based on visual words

out:

inlier correspondences

also geometric transformation
but that's not what we are after

[Philbin et al. CVPR'07] [Perdoch et al. CVPR'09]



preliminaries: 2D image-to-image transformations

= 2D transformations as linear transformations in homogeneous coordinates

X X
y|=F|Y
1 1

= homogeneous coordinates: [x,y,1]"

= represent a 2D transformation as a 3x3 matrix F




preliminaries: 2D transformations

translation in 2D cartesian coordinates
X Ax X
[ - 5]+
translation in homogenous coordinates
2] [1 0 Ax| [«
yl=10 1 Ay [)’]
1

00 1Ll

rotation in homogenous coordinates

Ed cos® —sinf 0] [x
y| = |sin@ cosd 0Of |V
1

0 0 1] L1

rotation & translation in homogenous coordinates

ki (cos® —sind Ax]| [x (1 0 Ax cosO® —sin@ 071 [x
y| = |sin@ cos@ Ay [Y] =10 1 Ay [sin@ cos0 0] [)’]
1 1

o o 1|l Jjoo 1fLO 0 1




. preliminaries: 2D transformations

= Euclidean/rigid transformation (3 DoF) - preserves distances and angles

X cosO —sind Ax| [x
y| = |sinf cos® Ay [)’]
1] 10 o 1Ll
= similarity transformation (4 DoF) - preserves angles, not distances
kK s cosO —s sind Ax| [x
y| = |ssin@ scosd Ay [)’}
1] |1 0 0 1| Ll

= affine transformation (6 DoF) - preserves parallel lines, not angles/distances

Clll a12 Ax _x
ay; Gy Ay Y
o o 1|L

— > ><>:
I




“point correspondences vs local feature correspondences

» point correspondences: (x,y) <> (x,y)
o local feature correspondences: (4, x,y) < (A, x,y")

o A represents the shape of the local feature
e eg. scale and rotation, affine shape
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» point correspondences: (x,y) <> (x,y)

local feature correspondences: (A, x,y) < (A, x',y")

o A represents the shape of the local feature
e eg. scale and rotation, affine shape




" transformation hypothesis

e sample the minimum number of correspondences required to estimate the
parameters of the geometric transformation

X X
® one correspondece — two equations | =F|Y
1 1

e similarity transformation (4 DoF) — 2 correspondences

o affine transformation (6 DoF) — 3 correspondences




" transformation hypothesis

e sample the minimum number of correspondences required to estimate the
parameters of the geometric transformation

X X
® one correspondece — two equations | =F|Y
1 1

e similarity transformation (4 DoF) — 2 correspondences

o affine transformation (6 DoF) — 3 correspondences




“transformation hypothesis from a single correspondence

e estimate the transformation hypothesis from a single correspondence

e scale and rotation invariant local features — similarity transformation

e affine invariant local features = affine transformation
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canonical shape:
e (0,0) origin

e unit scale
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) spatial verification

e estimate the transformation hypothesis from a single correspondence

e scale and rotation invariant local features — similarity transformation

e affine invariant local features — affine transformation

canonical shape:
---9(0,0) origin
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spatial verification

e estimate the transformation hypothesis from a single correspondence

e scale and rotation invariant local features — similarity transformation

e affine invariant local features — affine transformation

canonical shape:
---9(0,0) origin

_-” | eunit scale
V'3 e upright
Q
Q—l
F=P'Q G

Fl=07'P




correspondence ¢; = (x;,y;) < (x/,y;)

correspondence set C = {c{, ¢y, ...C,}

conventional RANSAC with point correspondences

for 3 in 1..T
sample a minimal set C,, from C
estimate F from C,

for i in 1l..n

X; Xi

yi =l7[”]

1 1
is inlier = error([X,y,] [x,y]) <z



v fast spatial matching

= correspondence ¢; = (A;, x;, ;) < (A, x/, ;)

= correspondence set C = {c{, ¢y, ...C,}

fast spatial matching with local feature correspondences

v

for j in 1l..n

» estimate F from Ci

» for i in 1.n no randomness

X; Xi
R :F[yi]
1 1
» is inlier = error(X,¥l [x,y]) <t
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" transformation hypothesis verification - inlier counting
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" transformation hypothesis verification - inlier counting
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spatial verification - retrieval

query inverted file similarity estimation & sorting
i word image ID score image ID
3 | L1 1510 ... 7350125| 0.87 5
. — 2 2712 ..7309121 | E=—=) 0.75 1573
—3 14 15 . 7200100 0.52 11202
16777216 | 3710 ... 7012245 0.001 32
= shortlist: top N images |-|
< retrieval result

Q inliers in;;ge
@ﬂ 247 | | 1573 —
I:> 105 5

Image > 17 11202

geometries

spatial verification

re-ranked shortlist

[Philbin et al. CVPR'07]
[Perdoch et al. CVPR'09]



special retrieval tasks
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beyond visual similarity retrieval

= most similar images: near identical

e is this what we want?
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what is this?

beyond visual similarity retrieval

... and what is that?

'\ .,‘_. )
) R ¢

let’'s zoom-in!



image retrieval for zoom-in
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image retrieval for zoom-in
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image retrieval for zoom-in
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Image

retrieval for zoom-in
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image retrieval for zoom-in
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image retrieval for zoom-in
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image retrieval for zoom-in
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image retrieval for zoom-out




70

15999565

geometries

1. inverted file: posting list per visual word

zoom in/out

=

word

image ID

1 1510.

.. 7350125|

2 2712 ...7399121

3 1415 .. 7200190|

16777216(3 7 10

... 1012245

=

2. Image ranking

score image 1D
0.87 5
0.75 1573
0.52 11202
0.001 32

Shortlist: top N images|-|

image 5

1<

#inlie | zoom | image
rs ID

0| 8 | 37x | 1573
105 17x 5

17 7x 11202

. Spatial verification

&

4. Re-ranked shortlist

[Mikulik et al. ACCV'14]
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15999565

geometries

zoom in/out

1. inverted file: posting list per visual word

2. Image ranking

=

word

image ID

1510 ... 7350125|

2 2712 ...7399121

=

[ 3 1415 .. 7200190|
16777216|3 7 10 ... 7012245

score image 1D
0.87 5
0.75 1573
0.52 11202
0.001 32

Shortlist: top N images|-|

image 5

1<

#inlie zoom | image
rs ID

8 1573
105 5

17 11202

3. Spatial verification

4. Re-ranked shortlist

problem specific ranking
function, e.g. maximize
scale change

[Mikulik et al. ACCV'14]
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7
15999565

geometries

1. inverted file: posting list per visual word

=

zoom in/out

word image ID
L1 1510 ... 7350125|
2 2712 ..7399121
3 14 15 ... 7200190]
167772163 7 10 ... 7012245

=

2. Image ranking

score image 1D
0.87 5
0.75 1573
0.52 11202
0.001 32

geometry compressed in
inverted file taken into
account during scoring

Shortlist: top N images|-|

image 5

1<

. Spatial verification

#inlie zoom | image
rs ID

| 8 1573
105 5

17 11202

4. Re-ranked shortlist

problem specific ranking
function, e.g. maximize
scale change

[Mikulik et al. ACCV'14]



what should you not miss?
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highest resolution transform

= given a query, for every pixel in the query image:

e find the database image with the maximum resolution depicting
the pixel

i

e
-
.“‘ \“T! | ’.l
4% -
»

21.6x

[Mikulik et al. ACCV'14]
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retrieval for 3D reconstruction

visually most similar search

« many near duplicates
o details lost

zoom-in and details search

o details retrieved
o transition images to match the details

zoom-out search

 viewpoint change
e Mmore context

sideways crawl

« significant viewpoint change
e more context

[Schonberger et al. CVPR'15]
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sideways image crawl
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sideways left: step by step
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sideways left: step by step
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sideways left:

step by step
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sideways left: step by step




7’

summary

| visually most similar

zoom-in / details

zoom-out

sideways right
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3D reconstruction — from a single image

[Schonberger et al. CVPR'15]
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3D reconstruction — from a single image

[Schonberger et al. CVPR'15]
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