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Image Retrieval
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v' Description Based Image Retrieval (DBIR)

v' Content Based Image Retrieval (CBIR)
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Levels of image retrieval
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v' Level 1: Based on color, texture, shape features

™
: v" Images are compared based on low-level features, no semantics involved
v" Level 2: Bring semantic meanings into the search
v E.g.identifying human beings, horses, trees, beaches
v’ Requires retrieval techniques of level 1
. Y Level 3: Retrieval with abstract and subjective attributes
)
= v" Find pictures of a particular birthday celebration
S
! v" Find a picture of a happy beautiful woman
i v' Requires retrieval techniques of level 2 and very complex logic
d
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Common components ofCBIR system
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Image feature

extraction database
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query feature . result
> -~ |—>| comparison | ——>
extraction

Relevance feedback: query refinement
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Problems and directions
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v Low-level feature extraction

v How to represent an image in a compact and
descriptive way?

v How to compare features, and, thus, images?

v'High dimensional indexing
v How to index huge amounts of high dimensional data?
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v Visual interface for image browsing
v' How to visualize the results?
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Image features
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> A Textual/metadata features
= | = Semantics
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S | = Shape
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= = | = Texture :
: 5 Low-level features / visual
- 2| = Color, lightness features .
" J i [(signatures, descriptors)
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Image features
I ot GG RN a N X S /A
. [ Image features }
[ Textual J [ Visual (low-level) }
Annotations and metadata: Features extracted from pixel
- tags/keywords; values:
; - creation date; ' CO|OI’ descripfors,'
f‘ — geo tqgs; - texture descripfOrS,‘
- name of the file; - shape descriptors;
I - hotogrqphy Condiﬁons ) Spahal IQYOU" descrlpfors.
; i)ex osition, aperture,
; flash...).
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Image features
T ot UG RS o WO Sy S/
: [ Low-level features ]
| [ Global J [ Local ]
Describes the whole image: Describes one part of the image:
- average intensity; - average intensity for the left
- average amount of red; upper part;
: - average amount of red in
; the center of the image;

I All pixels of the image are Segmentation of the image is
processed. performed, pixels of a particular

5 segment are processed to extract

S features.
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Color features
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( h
K Color features )
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( Color histograms ) ( Color moments j
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Statistical moments for every
color channel
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~ F(l) = (E] ? Ey|

| F() = (h, b, ..., h) sinind
3
3 Metrics: L1, L2, pilL Metrics: ~L1
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~ 3, 0.242552, 77, 99)
: - - 1, 0.218489, 60, 65)
o 1, 0.208021, 81, 13)
' O (19, 0.108854, 88, 41)
G < et (13, 0.079948, 78, 30)
| e ; 0 070677, 120, 78)
(31, 0.030260, 64, 87)
(19, o 013958, 126 83)
3 bin number amount of posmon of color
: (color num) color

» Disadvantage of histogram: spatial color layout is not considered.
* On heterogeneous collections moments are slightly better.
* Fusion of histograms and moments can lead to better results

W YD, W R

<%
/'~:

y

N
Fa



S
-
: [ Texture features ]
» //
Statistical j \»
ke _ ( Spectral
General statistics parameters A\
~Haralick's co-occurrence mafrices—|._ I PWT
7 <@ura features 4‘/7,/ WModei-based TWT
: Markov random fields (D:g; :231‘;’,:\)’:; -
- /g___p_
b ( ] Fractals / abor filters
2 Geometrical OGS
- .| ICAfiiters
~ Voronoi tesselation features
Structural methods
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Shape features

&3 : BB X Q \ a , D b\‘"?" :
- ( Shapa faatures h
; \ \j>
. [Boundary-based methodsj [ Region-based methods )

&—/?/F\

( Gometrical B [ Signatures ]
- Global )
Perimeter Centroid Distance Geometrical e
Eccentricity Complex Coordinates i Moment invariants >
Curvature Curvature signature it Zernik: t
Axes directionality Turning Angle Compactness P:z:;dz ;‘:rrr?:l:g ?noments
: pS = e = Euler number
S \ (Grid method > )
Y Others )
\ Signature descriptors Decompasition
- -
UNL-Fourier ) Medial Axis Transform
\"\..—-/ (Skeleton Transform)
~JYvaveiet vescriptors
Spectral descriptors  B-Splines o
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Chain codes
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Directions for 4-connected and 8-connected chain codes:
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A: 03001033332322121111
3 6 B: 70016665533222

Example: ‘.'

Starting point invariance: minimal
code
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f 70016665533222 -> 00166655332227
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Rotation invariance: codes subtraction
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00166655332227 -> 01500706070051
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Local Descriptors
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v Features for local regions in the image

v" Regions obtained by segmentation

v" Regions of interest (Rol) — around interest points
(keypoints)

v'Interest points: corners, edges and others

v’ Keypoints: points invariant to image
translation, scale and rotation, and minimally
affected by noise and small distortions
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Feature Spaces
‘. ; G RN A ; S/, 4
v" Feature vector — a vector of features, representing one
Image.

v" Feature space —the set of all possible feature vectors with
defined similarity measure.
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How to compare?
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Image A

Similarity measure

Similarity measure
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Problems: semantic gap
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= (regions)
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- Texture
s (local regions)
w
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S | | Color, brightness

(one pixel)
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How to understand what is on the images?
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How do we know that all these objects are lamps?
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Problems: curse of dimensionality
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a) 1D - 4 regions on b) 2D - 16 regions c) 3D - 64 regions
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2D Orthogonal Range Search

,.

v" Search fora 2D key.
v" Range search: find all keys that lie in a 2D range.

v" Range count: number of keys that lie in a 2D range.
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2D Orthogonal Range Search

&3

Grid |mplementat|on |
v" Divide space into M-by-M grid of squares.
v" Create list of points contained in each square.

v" Range search: examine only squares that intersect 2D range query.
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2D
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Orthogonal Range Search

Choose grid square size to tune performance.
v" Too small: wastes space

v" Too large: too many points per square
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2D Orthogonal Range Search

S/ S

Problem: cIusterlng, a weII known phenomenon in geometric data.

Need a method that adapts gracefully to data.
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half the squares are empty half the points are
in 10% of the squares
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Space-partitioning trees
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. Useatreetorepresent a recursive subdivision of 2D space.
Grid. Divide space uniformly into squares.
2D tree. Recursively divide space into two halfplanes.

Quadtree. Recursively divide space into four quadrants.

BSP tree. Recursively divide space into two regions.
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5 Grid 2d tree Quadtree BSP tree
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2d-tree construction
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Recursively partition plane into two half-planes
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2d-tree construction
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Recursively partition plane into two half-planes
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2d-tree construction
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Recursively partition plane into two half-planes
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2d-tree construction
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~  Recursively partition plane into two half-planes
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2d-tree construction
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~  Recursively partition plane into two half-planes
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2d-tree construction
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~  Recursively partition plane into two half-planes
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2d-tree construction
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~  Recursively partition plane into two half-planes
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2d-tree construction
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~  Recursively partition plane into two half-planes
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2d-tree construction

! . ) X & < Q ;*.‘ & 7 R \

< - 4 3 -

§

~  Recursively partition plane into two half-planes
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2d-tree construction
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Recursively partition plane into two half-planes
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2d-tree construction
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~  Recursively partition plane into two half-planes
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2d-tree construction
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~  Recursively partition plane into two half-planes
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2d-tree construction
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~  Recursively partition plane into two half-planes
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Nearest Neighbor Search in a 2d tree
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v" Goal: find closest point to query point
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Nearest Neighbor Search in a 2d tree
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« Check distance from point in node to query point.
« Recursively search left/bottom (if it could contain a closer point).
« Recursively search right/top (if it could contain a closer point).

Ce
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search root node

compute distance from query point to 1

(update champion nearest neighbor)
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Nearest Nelghbor Searchin a 2d tree

Gl
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« Check dlstance from pomt in node to query point.

93

« Recursively search left/bottom (if it could contain a closer point).
« Recursively search right/top (if it could contain a closer point).
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query point is to the left of splitting line

search left subtree first
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Nearest Neighbor Search in a 2d tree

S/
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« Check distance from point in node to query point.
« Recursively search left/bottom (if it could contain a closer point).
« Recursively search right/top (if it could contain a closer point).

O)
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;

search left subtree

- compute distance from query point to 3

(update champion)
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Nearest Nelghbor Search in a 2d tree

BNy Qo \ : \ 4 "’W'.
. Check dlstance from pomt in node to query point.

« Recursively search left/bottom (if it could contain a closer point).
« Recursively search right/top (if it could contain a closer point).

93
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®

query point is above splitting line

- search top subtree first
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Nearest Nelghbor Search in a 2d tree

5 A | ¢ s /A
. Check dlstance from pomt in node to query point.

« Recursively search left/bottom (if it could contain a closer point).
« Recursively search right/top (if it could contain a closer point).

93
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Nearest Nelghbor Searchin a 2d tree
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« Check dlstance from pomt in node to query point.
« Recursively search left/bottom (if it could contain a closer point).
« Recursively search right/top (if it could contain a closer point).
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query point is to left of splitting line

search left subtree first

W YD, S R

<V
4



Nearest Nelghbor Search in a 2d tree

5 A | ¢ s /A
. Check dlstance from pomt in node to query point.

93

« Recursively search left/bottom (if it could contain a closer point).
« Recursively search right/top (if it could contain a closer point).

v VAR N I S N A e N W
4 o
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search right subtree

prune since nearest neighbor

can't be in
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Nearest Nelghbor Searchin a 2d tree
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« Check dlstance from pomt in node to query point.
« Recursively search left/bottom (if it could contain a closer point).
« Recursively search right/top (if it could contain a closer point).

N
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return from function call

search bottom subtree next
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Nearest Nelghbor Searchin a 2d tree

/.
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« Check dlstance from pomt in node to query point.

« Recursively search left/bottom (if it could contain a closer point).
« Recursively search right/top (if it could contain a closer point).
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search bottom subtree

compute distance from query point to 4
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Nearest Nelghbor Searchin a 2d tree

93

- e, TG ~ K g

« Check dlstance from pomt in node to query point.

« Recursively search left/bottom (if it could contain a closer point).
« Recursively search right/top (if it could contain a closer point).
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I ‘ query point is to left of splitting line
5 search left subtree first
> 2 oy X \ P



d UkmaG

Nearest Neighbor Search in a 2d tree

S/

'. y ¢ A ; N n ‘ o N S 2 N
« Check distance from point in node to query point.
« Recursively search left/bottom (if it could contain a closer point).
« Recursively search right/top (if it could contain a closer point).
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I ] 4 search left subtree
s compute distance from query point to 5
’ (update champion)
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Nearest Nelghbor Searchin a 2d tree

¢ G AN . »
« Check dlstance from pomt in node to query point.

« Recursively search left/bottom (if it could contain a closer point).
« Recursively search right/top (if it could contain a closer point).
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search top subtree

return since empty
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Nearest Nelghbor Searchin a 2d tree

e

« Check dlstance from pomt in node to query point.
« Recursively search left/bottom (if it could contain a closer point).

« Recursively search right/top (if it could contain a closer point).

93
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search bottom subtree

return since empty
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Nearest Nelghbor Searchin a 2d tree

93

- e, TG ~ K g

« Check dlstance from pomt in node to query point.

« Recursively search left/bottom (if it could contain a closer point).
« Recursively search right/top (if it could contain a closer point).

WAt AR
w

] 1 return from function call
search right subtree next
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Nearest Nelghbor Searchin a 2d tree

e

PR ~ S
« Check dlstance from pomt in node to query point.
“ « Recursively search left/bottom (if it could contain a closer point).

« Recursively search right/top (if it could contain a closer point).
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return from function call
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Nearest Nelghbor Searchin a 2d tree
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« Check dlstance from pomt in node to query point.

93

« Recursively search left/bottom (if it could contain a closer point).
« Recursively search right/top (if it could contain a closer point).
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return from function call

search right subtree next
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Nearest Nelghbor Searchin a 2d tree

93

- e, TG ~ K g

« Check dlstance from pomt in node to query point.

« Recursively search left/bottom (if it could contain a closer point).
« Recursively search right/top (if it could contain a closer point).
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I L search right subtree
5 - prune since nearest neighbor
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Nearest Neighbor Search in a 2d tree

/- PG ‘ AR Ay 7 N ”’W
Typical case. log N.
Worst case (even if tree is balanced). N.
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nearest neighbor = §
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l Kd-tree
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~  Recursively partition k-dimensional space into 2 halfspaces.

Implementation: cycle trough dimensions a la 2d trees.

level =i (mod k)

Adapts well to high-dimensional and clustered data
Discovered by an undergrad in an algorithm class.
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Locallty Sensitive Hashlng (LSH)

i D, © 9 ;».‘, 7 N\ oY w
Detectlon of near-dupllcates

/.

v" Similar files -> similar hash-code -
For each file d: //
v Generate K-bit hash-code / =
v" Insert file into hash-table L/J [\/J

9 v" Collision -> possible duplicate — Esl

; v Compare files in the same bucket \

> 3

Can miss near-duplicates: \

v" Similar hash-codes # same bucket

v" Repeat L times with different hash-tables (randomized)
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Locality Sensitive Hashing (LSH)
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1.  Want: similar hash-codes for nearby points

2. Generate random hyperplanes: h_ h, h,

v VAR N I S N A e N W
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Locality Sensitive Hashing (LSH)

,,~ ; . B © X N “ g '07. _" ‘r '

1.  Want: similar hash-codes for nearby points

2. Generate random hyperplanes: h_ h, h,

v VAR N I S N A e N W
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Locality Sensitive Hashing (LSH)

,,~ ; . B © X N “ g '07. _" ‘r '

1.  Want: similar hash-codes for nearby points

2. Generate random hyperplanes: h_ h, h,

v VAR N I S N A e N W
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Locality Sensitive Hashing (LSH)

3 6

1.  Want: similar hash-codes for nearby points

2. Generate random hyperplanes: h_ h, h,
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Locallty Sen5|t|ve Hashlng (LSH)

Al o R : ;,,v‘;,'
Want: 5|m|Iar hash- codes for nearby pomts

,.

™
- 2. Generate random hyperplanes: h, h, h,
» 3. Compare a to points with same hash-code
* b...indeedsimilartoa
« d... false positive, will be eliminated o\
* ... different hash-code, will miss it P} 504
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Locality Sensitive Hashing (LSH)

A - b o X ,"4*
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5. Repeat with different hyperplanes: h, h, h;
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