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» Text-based digital media retrieval

Google
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Advertising Programs - Business Solutions - About Google - Go to Google China
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» Content-based digital media retrieval
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The workflow of digital media analysis and
retrieval

w0

Digital media

—>  Find features
Data stream

|
i

Digital media
Data segmentation

recognition
classification/clustering

|

Indexing and retrieval
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Images — Find features

|
T

@rity measureme)—r

recognition
classification/clustering

|

Indexing and retrieval

(x1, X2, ..., Xn) l (y1,y2, ..., yn)
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* Finding out features of image is a key step of image retrieval

— Image-based retrieval usually need to pre-construct feature database
of images for retrieval

* Major image features:
— Color features
— Texture features
— Shape features
— Space relation features
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» Color feature is a most widely used vision feature. It is
mainly used to analyze color distributions in an image,
including:

— Color histogram

— Color moments

— Color set

— Color clustering vectors
— Color relation graph
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» Texture features are such vision features employed to
measure homogeneous phenomenon in images. They are

— independent to color or illuminance,
— and are intrinsic features of object surfaces.

* Major texture features
— Tamura texture features
— Self-regression texture model

— Transform based texture features
« DWT, DFT, Garbor filter bank

— others

&) s
wad BFHRIESMERAK




» Shape features are computed out based on object
segments or regions, mainly including

—contour features
—and regions features.

 Typical approaches include
—Fourier shape description
—Moment invariants
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= Represent function on a

new basis

= [hink of
vectors,

The Fourier Transform

functions as
with many

components

= We now

transformation to transform

apply a linear

the basis
= dot product with each

basis

element

form e

= In the expression, uand v

select the basis element,
so a functionof xand y
becomes a function of u

and v

basis elements have the

—i2m(ux+vy)




Discrete

Fourier Transform
e 2D DFT

F(k, 1) = ! Z—:l\zjlf(ab ,— 2 (F+R)
e 2D IDFT
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phase
transform

Natural Images and Their FT
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(a) structured

(b) oriented (¢) granular (d) random

= \What happened to the FT patterns when the texture scale and
orientation are changed?




Frequency Domain Features

Fourier domain energy distribution
= Angular features (directionality)

9(106)2 —//|F(u,v)|2dudv

where,

0, < tan1[] < 65
U

= Radial features (coarseness)

ik = [ [IFo)Pdud U
().
-r1§u2—l—v2<r2 \\\//

where,

Uniform division may not be the best!! |




Gabor Texture

Fourier coefficients depend on the entire image (Global) - we lose
spatial information

Objective: local spatial frequency analysis

Gabor kernels: looks like Fourier basis multiplied by a Gaussian
= The product of a symmetric (even) Gaussian with an oriented sinusoid
= Gabor filters come In pairs: symmetric and anti-symmetric (odd)

= Each pair recover symmetric and anti-symmetric components in a
particular direction

= (ky, k,): the spatial frequency to which the filter responds strongly
= O :the scale of the filter. When ¢ = infinity, similar to FT

We need to apply a number of Gabor filters are different scales,
orientations, and spatial frequencies

z? + 92
< Gsymmetric(:y) = COS(kaw + kyy) exp — 2072
2 2
¥ I - + ’
l] [l I {ll“*' Ganti—symmetric(2.y) = sin(kzz+kyy) exp — 202




Example — Gabor Kernel

Zebra stripes at different scales and orientations and convolved with
the Gabor kernel

The response falls off when the stripes are larger or smaller

The response Is large when the spatial frequency of the bars
roughly matches the windowed by the Gaussian in the Gabor kernel

Local spatial frequency analysis

\ /I --

Gabor kernel

magnitude of
the filtered image




Gabor Texture (cont.) \\\\\\ '/II’

= |Image /(x,y) convoluted with Gabor filters h, \!
(totally M x N) \

Winn(@,9) = [ 1(@1,y1)hmn(z—21,y—y1)derdyr

= Using first and 2nd moments for each scale and
orientations

Hmn =//|Wmn($a y)|dzdy

omn = \// / (“V mn(fl?a y)| - ﬂ'ln‘ﬂ)dedy

= Features: e.qg., 4 scales, 6 orientations
- 48 dimensions

v = 100,000, 101, ---s 1435, O35]



Gabor Texture (cont.)
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= Arranging the mean energy in a 2D form

= structured: localized pattern

= oriented (or directional): column pattern
= granular: row pattern

= random: random pattern




Wavelet Features (PWT, TWT)

= \Wavelet

= Decomposition of signal with a family of basis functions with
recursive filtering and sub-sampling

= Each level, decomposes 2D signal into 4 subbands, LL LH, HL,

HH (L=low, H=high)

= PWT: pyramid-structured wavelet transform

= Recursively decomposes the LL band
= Feature dimension (3x3x1+1)x2 = 20

= [WT: pyramid-structured wavelet transform

= Some Iinformation in the middle frequency channels

= Feature dimension 40x2 = 80
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Texture Comparisons
Ma’'98]

= Retrieval performance of different texture features according to the
number of relevant images retrieved at various scopes using Core

Photo galleries
] — .
= o_f relevant Dashdot: MRSAR (M) | MRSAR (M)
ImageS 8+ Sohd: Gabor ‘o . . , , eeee .‘.’ E
Dashed: TWT | P
. Doued: PWT | : .-
Diamond: Tamura (improved) s | TWT
& Circle: directionality L - .
- Star: edge histogram ’ T
S5  Square: Tamwra (traditional) .7 - ++**H MRSAR
'g ' " Y +
2 -
B4
g :| Tamura (improved)
-2 a
Coarseness histogram
2 directionality
2 edge histogram
Tamura
1
0
0 150

# of top matches considered



«SIFT
—surf ...

—ref:
http://blog.csdn.net/zddblog/article/details/7521424

* To global:

—Deep learning methods
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http://blog.csdn.net/zddblog/article/details/7521424
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» Shape features are computed out based on object
segments or regions, mainly including

—contour features
—and regions features.

 Typical approaches include
—Fourier shape description
—Moment invariants
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Region-based vs. Contour-based Descriptor

= Columns indicate contour similarity
= Outline of contours

= Rows indicate region similarity
= Distribution of pixels



Region-based Descriptor

Express pixel distribution within a 2D object region

Employs a complex 2D Angular Radial Transformation
(ART)
= 35 fields each of 4 bits

Rotational and scale invariance
Robust to some non-rigid transformation
L, metric on transformed coefficients

Advantages
= Describing complex shapes with disconnected regions

= Robust to segmentation noise
s IR

= Small size
= Fast extraction and matching




Contour-based Descriptor

It's based on Curvature (%) Scale-Space (CSS)

representation

Found to be superior to
()

= Zernike moments
= Fourier-based .
= lurning angles 9 '

= ART
(b)

= Wavelets
Rotational and scale invariance % 1§ 3)@

Robust to some non-rigid transformations (c)

For example ,-A -‘7' ﬁ
= Applicable to (a) (d)

= Discriminating differences in (b) ‘ ‘ «
= Finding similarities in (c)-(e)

(€)



Image Retrieval Phase (cont.)

»>Query by color anglogram (cont.)
» Convert RGB to HSV [wikipedia]

e Global and sﬂb-image histogram forms LS| matrix.

[Zhao & Grosky 2002]
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A geometrical view of
CBIR

(5131, Ly euny $n)




A geometrical view of
CBIR
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A geometrical view of
CBIR
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* How to measure similarity of different images base
on features?

—Image features always form into a fixed-length feature
vector.

—The similarity therefore can be measure by
 Euclidian distance
* Histogram intersection
» Quadratic distance
» Mahalanobis distance (B K =)
* Non-geometrical similarity
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Practical image retrieval systems

QBIC (Query By Image Content)

® http://www.gbic.almaden.ibm.com/

Virage

® http://wwwyvirage.com/cgi-bin/query-e
RetrievalVWare

® http://vrw.excalib.com/cgi-bin/sdk/cst/cst2.bat
Photobook

MARS

® http://jadzia.ifp.uiuc.edu:8000



http://www.qbic.almaden.ibm.com/
http://wwwvirage.com/cgi-bin/query-e
http://vrw.excalib.com/cgi-bin/sdk/cst/cst2.bat
http://jadzia.ifp.uiuc.edu:8000/

1 I 1 | === 1 = 1

* Most existing image retrieval systems have
one or more of following functions features:

—Random browsing
—Classified browsing

—Example based retrieval
—Sketch based retrieval
—Texture based retrieval

1 — T
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Modulel: Supervised Pre-Training on ImageNet

' IHIIIII
ol 3
IDIIIIQ:II = :::3"""5”"5
Fy
1000 nodes

ImageNet (~1.2M images)

Module2: Fine-tuning on Target Domain

Latent Layer (H) K5
h nodes n nodes

L oat

G ) 1153 hof s image-retrieval.html 35
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Future of image retrieval

Human-computer ® |mage feature mapping
Interaction
® Standards of
Semantic speech performance
measurements

Web-oriented
® Construction of test

High dimensional data sets

Perspective

Multiple media
channels
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Content based music retrieval
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http://www.soundhound.com/

Free Version of SoundHound
Now Available for iOS and Android

Highlights
Blazing fast music identification
Sing & Hum recognition

Voice-directed music search

In-app lyrics
Special on iPad:
Big, beautiful lyrics and music videos

The SoundHound Ticker

Version 3.3.1 for iPhone, iPod touch and iPad
Version 2.0.1 for Android

- SoundHound (free): 5 IDs per month -

- SoundHound =: unlimited App Store


http://www.soundhound.com
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Content based music retrieval
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Main Audio Features

® Time-Domain Features
® Average Energy
® Zero Crossing Rate

Silence Ratio

® Frequency-Domain Features

Sound Spectrum
Bandwidth
Energy Distribution

Harmonicity
Pitch

® Spectrogram
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s -

quduny



Time-Domain Features

« Amplitude-time representation of an audio signal

SprgediLny

T 1 2 v T - v v T v T v L4 v T v T v T v T T v § T VN YT Y™™
es 01} nz ] o4 a3 (84 a? g 09 | it 12 13 14 13 i
Time (ms)



Time-Domain Features (2)

Average Energy

- Indicates the loudness of the audio signal

N-1
Z x(n)?‘
n=l1

Jt\r

E =

Zero Crossing Rate
- Indicates the frequency of signz

x(n)

eprgeduny

amplitude sign change
N-1
Z . sgn[x(n)] - sgn[x(n - 1)]
“= 2N "es BY 02 03 04 Q3 €6 07 O3 03 3 A1 12 43 ta 15 18
| Time (ms) ‘
n
1 a>0

sgn(a) =< 0 a=0
-1 a<0



Time-Domain Features (3)

» Silence Ratio
- Indicates the proportion of the sound piece that is silent

- Silence is a period within which the absolute amplitude

values of a certain number of samples are below a certain
threshold

- Silence ratio Is calculated as the ratio between the sum of
silent periods and the total leng

silence @ silence silence

d |

A roa Ch eS: s Y =y il VRN (L I —TLn— o 'm:'
pp Tl [l - A i T‘—_‘ PR | see

1. Fixed Threshold |

2. Select Reference Silence Value | o

3. Adaptive Silence Thresholds e e

E«prq[du.l»{




Frequency-Domain Features

« Sound Spectrum

I — I N A T S Discrete Fourier Transform (DFT)

I T A N-1  _J2mk
----------- {}mﬁ;'- ¢++ 18 X(k) = Zx(n)e N
’. ..,...A..,....;.A.“..... | SO n=o

(EP) opny dury

Inverse Discrete Fourier Transform (IDFT)

. N-1 j2mk
- N N
x(n) = - ZX(k)e

n=0

"IN ErT

W2 3 ) s LR 1o 120 1400 1600 150 it

Frequency (H2)

- Forlarge value of N, the signal is often broken into blocks
called frames and DFT is applied to each of the frames.



Frequency-Domain Features (2)

« Bandwidth
- indicated the frequency range of a sound

highest frequency and lowest frequency of *: ﬁﬁﬁﬁL‘IﬁﬁﬁﬁﬁﬁiILiiljﬁﬁﬁljfﬁﬁijjﬁfiﬁIIﬁiﬁﬁjfﬁﬁiéijﬁ'ﬁﬁﬁﬁﬁj;iﬁﬁﬁﬁﬁﬁﬁﬁlﬁéﬁﬁjﬁIﬁﬁﬁfliZjﬁﬁ'ﬁlllfﬁjlﬁ\f :

A i | i i L . S
F-«r—/ ! I N A T N N

non-zero spectrum components ~JA

- “non-zero” may be defined as at least 3dB —\W“"‘“ ,
above the silence level | —

“ P oot a3 g 1 0080 0 19000 1o 1o e

Fraqueney (Hz)

« Energy distribution
- Signal distribution across frequency components

- One important feature derived from the energy distribution is the
centroid, which is the mid-point of the spectral energy
distribution of a sound. Centroid is also called brightness



Frequency-Domain Features (3)

« Harmonicity

In harmonic sound, the spectral components are mostly whole
number multiples of the lowest and most often loudest frequency

Lowest frequency is called fundamental frequency
Music is normally more harmonic than other sounds

« Pitch

the distinctive quality of a sound, dependent primarily on the
frequency of the sound waves produced by its source

only period sounds, such as those produced by musical
iInstruments and the voice, give rise to a sensation of a pitch

In practice, we use the fundamental frequency as the
approximation of the pitch
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® Dynamic time warping
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Dynamic | ime VVarping

d(i—1,5—1)
d(i—1,7 —2)

di—2,]

j—1) '
//"

o 0/‘(1@1,}-1)

@ di-1,j-2)

dtw(T,R) = mind (m, f)

l<j<n

>

(UEE) HERYEAUHER —EEWE

RENFNBALDET (REm)
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Dynamic Time VVarping
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Dynamic Time VVarping
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Key lransposition
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Key lransposition
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BUER A
. dist(T,,R )

SERES | BROSHSE  10-mn— s

lsksnj

k'=arg lmlllll dist(T;,R ;)

1<k<n]
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= Vantage-point tree

= Branch-and-bound tree

= Equal-average hyperplane partitioning method
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i Vantage-Point Tree
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Vantage-Point Tree e ot

Left upper bound

vantage

point
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Vantage-Point Tree e ot

Left upper bound

Right lower bound

o O O ® Right upper bound
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i Branch-and-Bound Tree

» [RIB%E{llvantage-point tree, ASERBLEIIN—{EZ
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Equal-average Hyperplane

i Partitioning Method
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Equal-average Hyperplane

i Partitioning Method

* A A&B MG EENFZEIFIIESRO, MW EAES
IME—IFE 4R L (CBRAEIF/IOAR
= F§ principal component analysis ¥ L

‘S M ERBIE—FI A SRR, A

= 3R MTM RYeigenvalueFeigenvector

- 1 fE 3l & KeigenvaluefeigenvectorBI A A K
A P REBEETYE

75



Equal-average Hyperplane
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Equal-average Hyperplane
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