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Multimedia indexing

Norbert Fuhr

representation of non-textual media

² audio

² images

N. Fuhr
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1 Audio

1.1 Sound retrieval

E. Wold et al.: Content-basedclassi¯cation,search and retrievalof audio. IEEE
Multimedia 3(3), pp 27-36.

Levels of audio retrieval

1. exactmatch of soundsamples

2. inexactmatch of sounds,irrespectiveof samplerate, quantization,
compression,.. .

3. inexactmatch of acousticfeatures/ perceptualpropertiesof sound

4. content-basedmatch (for speech,musicalcontent)

here:inexactmatch of acousticfeaturesand perceptualproperties
N. Fuhr
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Acoustic features
aspectsof soundconsidered:

loudness root-mean-square of audiosignal(in decibels)

pitch greatestcommondivisor of peaksin Fourier spectra

brightness centroidof short-time Fourier magnitudespectra
(higher frequencycontent of signal)

bandwidth magnitude-weightedaverageof di®erencesbetweenspectral
componentsand the centroid
(variation of frequencies,e.g. sinewavevs. white noise)

harmonicit y deviationof the sound'sspectrum from a harmonic spectrum
(i.e. harmonic spectra vs. inharmonic spectra vs. noise)

N. Fuhr
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variation of aspectsover time:

1. computeaspect valuesat certain time intervals

2. derivefeaturesfrom sequences:

² averagevalue

² variance

² autocorrelation

(feature valuesweightedby amplitude)

N. Fuhr
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sound example:
N. Fuhr
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Property Mean Variance Autocorrelation

Loudness -54.4112 221.451 0.938929

Pitch 4.21221 0.151228 0.524042

Brightness 5.78007 0.0817046 0.690073

Bandwidth 0.272099 0.0169697 0.519198

N. Fuhr
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Indexing and retrieval

Indexing of a sound:
computeand store featurevector a
(mean,varianceand autocorrelation for loudness,pitch, brightness,bandwidth
and harmonicity)

Retrieval:

1. conditions w.r.t. feature va-
lues

2. similarity of sounds:weigh-
ted Euclidiandistance
M { # soundsconsidered

mean:¹ =
1

M

MX

j =1

aj

covarianceR =
1

M

MX

j =1

(aj ¡ ¹ )(aj ¡ ¹ )T

distanceD =
q

(a ¡ b)T R¡ 1(a ¡ b)

N. Fuhr
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Property-based training and classi¯cation

training:
basedon set of training soundsfor a property
(e.g. scratchiness)

computeproperty-speci¯c meanand covariance

importance of feature:meandividedby standard deviation

classi¯cation

computedistancesto meansof all classes,
selectclasswith minimum distance

likelihood:

L = exp
µ

D 2

2

¶

N. Fuhr



Information Retrieval - Multimedia Indexing 9/83

Example:
classmodel for laughter

Feature Mean Variance Importance

Duration 2.71982 0.191312 6.21826

Loudness:Mean -45.0014 18.9212 10.3455

{ Variance 200.109 1334.99 5.47681

{ Auto correlation 0.955071 7.71106e-05 108.762

Brightness: Mean 6.16071 0.0204748 43.0547

{ Variance 0.0288125 0.000113187 2.70821

{ Auto correlation 0.715438 0.0108014 6.88386

Bandwidth: Mean 0.363269 0.000434929 17.4188

{ Variance 0.00759914 3.57604e-05 1.27076

{ Auto correlation 0.664325 0.0122108 6.01186

Pitch: Mean 4.48992 0.39131 7.17758

{ Variance 0.207667 0.0443153 0.986485

{ Auto correlation 0.562178 0.00857394 6.07133

importance = jmeanj /
p

variance
N. Fuhr



Information Retrieval - Multimedia Indexing 10/83

N. Fuhr
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2 Images

² syntaxvs. semanticsps. pragmatics

² syntactic features:color, texture, contour

² semanticimageretrieval: IRIS

N. Fuhr
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2.1 Intro duction

2.1.1 Semantic vs. syntactic indexing and retrieval

syntactic imagefeatures:

² color

² texture

² contour

semantic imagefeatures:

² objects
(humans,animals,buildings,art works)

² topics
(pollution, demonstration,political visit)

most imageindexingmethods support syntactic featuresonly
N. Fuhr
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2.1.2 Aboutness vs. ofness

ofness:
objectsshown in the image
! semantics

aboutness:
topic which is illustrated by the image
! pragmatics

aboutnessis very much user-dependent
e.g. imageshowing water pollution

N. Fuhr
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2.2 Basic techniques

² color frequency

² spatial color

² texture

² contour

N. Fuhr
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2.2.1 Color frequency

² histograms

² momentsof distribution

N. Fuhr
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Color histograms

color models:RGB, YUV, HSV, Munsell
! 3-dimensionalcolor space

color histogram:
bi bins for i th dimension,i = 1; 2; 3
! N -dimensionalvector with N = b1 ¢b2 ¢b3

N. Fuhr
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Similarit y measures
simplesimilarity measurefor comparing imagehistogramsI and J :

D(I ; J ) =
P N

i =1 min( I i ; Ji )
P N

i =1 I i

doesnot considersimilarity of di®erentcolors!

color similarity matrix:

A = [aij ]; i = 1; : : : ; n; j = 1; : : : ; n

improvedcolor histogramsimilarity:

D 0(I ; J ) = (I ¡ J )T A (I ¡ J ) =
NX

i =1

NX

j =1

aij (I i ¡ Ji )( I j ¡ Jj )

N. Fuhr
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Quantization of color space
8 bits per color = 224 possiblecolors
! quantizationnecessary (for reducing# bins)

uniform: divideseachaxis into intervalsof equallength

LGB: minimizemean-squared error resultingfrom quantization
subdivide3D color spaceinto N subspacess.th. resultingerror is minimized
(high processingcosts,preprocessingof databasenecessary)

product vector: minimizemean-squared error for eachdimension
(lower processingcosts,but still preprocessingnecessary)

N. Fuhr
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Statistical moments
computestatistical momentsfor eachcolor channel
(according to underlyingcolor model)

N # pixelsin image

j pixel number, j 2 [1; N ]

r # color channels

i color channel,i 2 [1; r ]

pij intensity of j th pixel for channeli

mean Ei =
1
N

NX

j =1

pij

variance ¾i =

0

@ 1
N

NX

j =1

(pij ¡ Ei )2

1

A

1
2

N. Fuhr
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skewness si =

0

@ 1
N

NX

j =1

(pij ¡ Ei )3

1

A

1
3

distancemetrics for two imagesI , I 0:

d(I ; I 0) =
rX

i =1

wi 1jEi ¡ E 0
i j + wi 2j¾i ¡ ¾0

i j + wi 3jsi ¡ s0
i j

wk l user-speci¯c weights

N. Fuhr
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2.2.2 Spatial color distibution

Sample spots
[Rickman/StonhamSPIE4]

² considercolor at prede¯nedspots only

² eachspot consistsof small # pixels

² representspot by medium/medianhue

N. Fuhr
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1 2

3 4 5

6 7

N. Fuhr
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Sk spot

m # spots

Hki hue at i th pixel of spot Sk

n # pixelsper spot

featurevector F = (F1; : : : ; Fm ) with Fk =
1
n

nX

i =1

Hk i

distancemetrics for two imagesI , I 0: d(I ; I 0) =
mX

k=1

cmp(Fk ; F 0
k )

cmp { compare function, to be de¯ned, e.g.

cmp(a;b) =

8
<

:
0 if ja ¡ bj < "

1 otherwise

N. Fuhr
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A visual perception model
[Lai/T ait 98, SIGIRWS MM IR]

² basedon 10 color groups

² browsingbasedon hierarchical classi¯cationof images

² similarity search basedon spatial color distribution

human perception:

² color more important than shape

² languageshavefew words to describe colors

psychological experiment:

1. generate125 color samples

2. subjectslabel samples

3. sort samplesaccording to hue value

4. identify boundriesbetweengroupswith di®erentlabels
N. Fuhr
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result color groups:

Colour Descriptor Perceptual Colour Group

0 UncertainColours:\very dark" or \very bright"

1 White

2 Grey

3 Black

4 Red,Pink

5 Brown, Dark Yellow, Olive

6 Yellow, Orange,Light Yellow

7 Green,Lime

8 Blue, Cyan, Aqua, Turquoise

9 Purple,Violet, Magenta

N. Fuhr
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Image indexing

1. map imagecolors onto color groups

2. computecolor histogram

3. classifyaccording to increasingfrequencyof color histogram

exampleclassi¯cation:

N. Fuhr
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N. Fuhr
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hierarchy hasmax. 10! ¼ 3:6 ¢106 clusters

browsingbasedon this hierarchy

N. Fuhr
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Similarit y matching
\fuzzy images":reduceresolution

similarity matchingbasedon 15£ 15 grid

1. map imagecolors onto color groups

2. reduceresolutionto 15£ 15 grid

3. scaleto square pattern

4. construct fuzzy pattern: matrix of color group numbers

N. Fuhr
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N. Fuhr
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Interactive retrieval

N. Fuhr
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N. Fuhr
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Application
Navigation by hierarchical color

N. Fuhr
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N. Fuhr
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problemswith shadows
! ¯lter out shadow areas
(do not usecolor group 0 for classi¯cation)

N. Fuhr
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N. Fuhr
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Query by sketch

N. Fuhr
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N. Fuhr
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Query by example

N. Fuhr
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N. Fuhr
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Color cooccurrence descriptors

Image representation

ci { color of pixel i
dij { euclidiandistancebetweenpixel i and j

representimageas matrix

W (ci ; cj ; dij )

W frequencyof cooccurenceof colors ci and cj at distancedij

representationis invariant to rotation, re°ection and translation!

matrix stored as set of elements:

Ek 2 f (i k ; wk )j9wk = W (ci ; cj ; dij ) 6= 0 ^ i k = f (ci ; cj ; dij )g

(i k { elementindex)

N. Fuhr
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Image retrieval

Tq { query imagedescriptor
Tt { target imagedescriptor

dissimilarity measure:

D (Tq; Tt ) =

P
E k 2 Tq \ Tt

jwq
k ¡ wt

k j
P

E k 2 Tq
wk +

P
E k 2 Tt

wk

similarity measure:

S(Tq; Tt ) = 1 ¡ D(Tq; Tt )

N. Fuhr
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Analytical tests

1. noise:
white noiserangingfrom 0 to § 0:5 addedto eachpixel

N. Fuhr
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N. Fuhr
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2. subimages:
arbitrary positionedsubimagesof the relativesizefrom 0 to 1 of the original image

N. Fuhr
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Retrieval examples

N. Fuhr



Information Retrieval - Multimedia Indexing 47/83

N. Fuhr
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2.2.3 Textures

patterns in luminanceband (greylevelimage)
structural and/or statistical properties

N. Fuhr
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d001 d056 d095 d020

d014 d006 d003 d004

d087 d005 d111 d066

d011 d103 d049 d015

N. Fuhr
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Cooccurrence matrices

1. computenormalizedco-occurrencematrix P for speci¯ed direction(s):
(e.g. 0±, 90±, 45±, 135±)

example:with 2 greyvalues,
sequenceof values(in onedirection):
111100001vs. 110011001vs. 101010101
unnormalizedmatricesP̂ :

0 1

0 3 1

1 1 3

0 1

0 2 2

1 2 2

0 1

0 0 4

1 4 0

N. Fuhr
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P cooccurencematrix
P = f p(i; j )g, i = 1; : : : Ng; j = 1; : : : Ng

p(i; j ) probability of pair (i; j )

Ng # valuesof the greyscale

¹ meanof the valuesp(i; j )

¹ x (¹ y ) meanof marginal probabilitiesin x (y) direction

¾x (¾y ) standard deviationof marginal probabilitiesin x (y) direction

N. Fuhr
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2. computethe following featuresfrom P:

² angular secondmoment (homogeneity of the image)

f 1 =
X

i

X

j

p(i; j )2

² contrast (local variations)

f 2 =
N g ¡ 1X

n =0

n2

8
<

:

N gX

i =1

N gX

j =1

p(i; j )

9
=

;
, with ji ¡ j j = n

² correlation (linear relationshipbetweenpixel values)

f 3 =

P
i

P
j (ij )p(i; j ) ¡ ¹ x ¹ y

¾x ¾y

² variance(deviation from the average)

f 4 =
X

i

X

j

(p(i; j ) ¡ ¹ )2

N. Fuhr
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² entropy

f 5 =
X

i

X

j

p(i; j ) logp(i; j )

N. Fuhr
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2.2.4 Contours

Edge-based search
[Hirata/Kato]

Edge detection

input: full color image

1. reduction! regular-sizedimage

2. globaledgedetection! edgeimage

3. local edgedetection! re¯ned edgeimage

4. thinning and shrinking! abstract image

N. Fuhr
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jI ij j: intensity power,

jI ij j =

8
<

:
1
9

i +1X

r = i ¡ 1

j +1X

s= j ¡ 1

p2
r s

9
=

;

1=2

gradient in RGB space:

1@ij =
1

jI ij j
1
3

f (pi ¡ 1j ¡ 1 + pij ¡ 1 + pi +1 j ¡ 1) ¡

(pi ¡ 1j +1 + pij +1 + pi +1 j +1 )g

2@ij =
1

jI ij j
1
3

f (pi ¡ 1j ¡ 1 + pi ¡ 1j + pi ¡ 1j +1 ) ¡

(pi +1 j ¡ 1 + pi +1 j + pi +1 j +1 )g

N. Fuhr
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3@ij =
1

jI ij j
1
3

f (pi ¡ 1j ¡ 1 + pij ¡ 1 + pi ¡ 1j ) ¡

(pi +1 j + pij +1 + pi +1 j +1 )g

4@ij =
1

jI ij j
1
3

f (pij ¡ 1 + pi +1 j ¡ 1 + pi +1 j ) ¡

(pi ¡ 1j + pi ¡ 1j +1 + p1j +1 )g

j@ij j = max(j1@ij j; ¢¢¢; j4@ij j)

global edge candidates:
calculateaverageand deviationfor the gradients

¹ =
1

M N
1
4

M ¡ 1X

i =0

N ¡ 1X

j =0

4X

k=1

jk @ij j

N. Fuhr
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¾=

8
<

:
1

M N
1
4

M ¡ 1X

i =0

N ¡ 1X

j =0

4X

k=1

(jk @ij j ¡ ¹ )2

9
=

;

1=2

globaledgecandidateif j@ij j ¸ ¹ + ¾

N. Fuhr
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local edge candidates:
local averageand local deviationfor the gradientvalues
(m; n: window size,e.g. n = m = 3)

¹ ij =
1

(2m + 1)(2n + 1)
1
4

i + mX

r = i ¡ m

j + nX

s= j ¡ n

4X

k=1

jk @r sj

¾ij =

8
<

:
1

(2m + 1)(2n + 1)
1
4

i + mX

r = i ¡ m

j + nX

s= j ¡ n

4X

k=1

(jk @r sj ¡ ¹ ij )2

9
=

;

1=2

local edgecandidateif j@ij j ¸ ¹ ij + ¾ij

N. Fuhr
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Contour matching

Pt = f pij g: abstract (monochrome)image,i; j = 0; : : : ; 63

Q = f qij g query image(sketch), i; j = 0; : : : ; 63

8 £ 8 blocks per image

m £ n pixelsper block

1. divideabstract imagePt and linear sketch Q into 8 £ 8 local blocks

2. computelocal correlation abC±" betweenlocal blocks abPt and abQ, with
shifting ±, " :

abC±" =
m (a+1) ¡ 1X

r = ma

n (b+1) ¡ 1X

s= nb

®¢pr s ¢qr + ±;s+ " +

¯ ¢¹pr s ¢¹qr + ±;s+ " +

° ¢pr s © qr + ±;s+ "

®; ¯ ; ° : weighting factors (edge/edge,blank/blank, di®erent)
N. Fuhr
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local correlation:

abC = max(abC±" );
¡ m=2 · ± · m=2;

¡ n=2 · " · n=2

3. computeglobal correlation:

Ct =
7X

a=0

7X

b=0

abC

4. rank imagesaccording to decreasingglobal correlation values

N. Fuhr
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Local scope

Shifted position on an abstract image

e

d

Corresponding position on
an abstract image

m x n pixels

2m x 2n pixels M x N blocks

N. Fuhr
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2.3 IRIS

semanticindexingof images

1. imageanalysis

² color

² contour

² texture

2. object recognition

(a) basicobjects:
clouds,snow, water, sky, forest, grass,sand,stone

(b) high-levelobjects:
forestscene,skyscene,mountainscene,landscapescene,.. .

N. Fuhr
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2.3.1 System overview

1) RGB/HLS-colour model

colour-based segmentation

2) colour of single segments
3) segment grouping

texture-based segmentation

1) 2. order statistics

3) texture of single segments
4) segment grouping

contour-based
shape analysis

1) edge detection
2) contour connection
3) shape analysis

image xxx

colour:
texture:
contour:
objects:

Annotations for xxx

parsing of the
   hypothesis

hypothesis
construction

construction of the
 neighborhood graph

thesaurus

2) neural network

N. Fuhr
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2.3.2 Image Analysis

Color

color model: HLS

N. Fuhr
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R-G-B

(1,1,1)-white

(0,0,0)-black

(0,1,0)-green

(1,0,0)-red

R

G

B

H

S

L=1 (white)

L=0 (black)

L=0.5

180°-yellow

60-magenta
120°-red

240°-green 300°-cyan(0,0,1)-blue

0°-blue

L

H-L-S

N. Fuhr
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IRIS subdividescolor spaceinto about 20 di®erentcolors

1. subdivide imageinto nonoverlappingtiles

2. computecolor histogramfor eachtile

3. most frequentcolor =: color of tile

4. join tiles with similar colors and computecircumscribingrectangle

5. computeattributes of color rectangles:

² position

² size

² color

² color density
(# tiles with color / # tiles in rectangle)

² color evidence

N. Fuhr
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Original image

N. Fuhr
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color-based segmentation:

...

colour2 HOR=mid,VER=up,SIZ=XL,SHP=Rect,COL=BLUE,

UL=0|1,LR=44|11,DEN=415|495

colour3 HOR=mid,VER=mid,SIZ=M,SHP=Rect,COL=BLUE,

UL=15|10,LR=44|17,DEN=136|240

colour4 HOR=left,VER=mid,SIZ=XS,SHP=Quad,COL=BLUE,
N. Fuhr
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UL=1|11,LR=1|11,DEN=1|1

colour5 HOR=left,VER=mid,SIZ=XS,SHP=Rect,COL=BLUE,

UL=3|11,LR=14|12,DEN=13|24

...

N. Fuhr
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Texture

considerlocal distribution and variation of greyvalues

1. computenormalizedco-occurrencematrix p for 4 directions:0±, 90±, 45±,
135±

2. for eachof the four directions,computethe following featuresfrom C:

² angular secondmoment

² contrast (local variations)

² correlation (linear relationshipbetweenpixel values)

² variance(deviation from the average)

² entropy

3. for eachof the ¯ve parameters,computethe averagefrom the valuesfor the
4 directions
(! invarianceagainstrotation)

N. Fuhr
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4. feedaveragevaluesinto neuralnetwork

output-layer

forest

gras

sand

water

stone

sky

clouds

ice

constrast

asm

variance

correlation

entropy

input-layer

hidden-layer hidden-layer

N. Fuhr



Information Retrieval - Multimedia Indexing 72/83

5. NN yieldstexture for eachtile

6. join tiles with identical texturesand computecircumscribingrectangles

7. computeattributes of texture rectangles:

² position

² size

² texture

² texture density (# tiles with texture / # tiles in rectangle)

N. Fuhr
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texture3 HOR=mid,VER=mid,SIZ=L,SHP=Rect,TEX=ice,

UL=2|2,LR=10|3,DEN=11|18

texture4 HOR=left,VER=mid,SIZ=S,SHP=P ath,TEX=clouds,

UL=0|3,LR=3|3,DEN=4|4

texture5 HOR=left,VER=mid,SIZ=S,SHP=Quad,TEX=stone,

UL=4|3,LR=5|4,DEN=3|4

texture6 HOR=mid,VER=mid,SIZ=S,SHP=Rect,TEX=clouds,

UL=5|3,LR=8|4,DEN=5|8
N. Fuhr
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N. Fuhr
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N. Fuhr



Information Retrieval - Multimedia Indexing 76/83

Contour

basedon grey level image

1. gradient-basededgedetection
basedon two convolutionkernels

I (x; y) imagefunction

¤ convolutionoperator

r f (x; y) = r G(x; y) ¤ I (x; y)

givesdirection and magnitudeof imagegradient,
! pixelswith steepest slope alonggradient= edgepixels

N. Fuhr
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2. determinationof object contours
start with pixelswith gradientmagnitudeexceedingthreshold:
if pixel is

² isolated:no edge

² termination pixel of a contour connection:search its neighbours

² within a contour: do nothing

method givespixel connectionswhich circumscribe imageregions

3. shape analysis:compute

² position of centroid

² sizeof region

² bound coordinatesof region

N. Fuhr
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extracted contour points: extracted regions:

contour0 MID=24|7,SOP=45,
UL=0|0,LR=44|17,SHP=UND

contour1 MID=20|23,SOP=26,
UL=0|14,LR=44|28,SHP=UND

contour2 MID=21|17,SOP=19,

UL=0|11,LR=44|22,SHP=UND

N. Fuhr
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2.3.3 Object Recognition

1. step from syntacticalto semanticalfeatures:
identi¯cation of primitive objects

2. derivationof higher-levelsemanticalfeatures

1. identi¯cation of primitive objects

² basis:color, texture and contour features

² for eachfeature,considercorrespondingregion

² form graphdescribingtopologicalrelationshipsbetweenfeatureregions:

{ node = feature

{ edge= topologicalrelationship:overlaps,meets,contains

N. Fuhr
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meets
contains

CT

T

CT

CL

CT

T

T

CL

CT

T

CL

overlaps

² formulate graphgrammar rulesfor detectingprimitive objects

N. Fuhr
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Clouds

Clouds

Texture Segment

Contour Segment

Color Segment

predicate((valcompeq(*self(2,"colorseg","COL"),"blue") ||
valcompeq(*self(2,"colorseg","COL"),"white")) &&
valcompeq(*self(2,"colorseg","VER"),"up"));

predicate(nrkind(*self(1,"contourseg"),"contains",*self(1,"colorseg")) &&
nrkind(*self(1,"contourseg"),"contains",*self(1,"textureseg")));

Conditions of "Clouds"

Mountainlake
Sky

Lake

Mountain

Forest

N. Fuhr
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2. derivation of higher-level semantical features

basedon knowledgerepresentation:

part-of

is-a

defined
user

Contours

Goal Terminal Nonterminal

Metalabel

forestscene

skyscene

mountainscene landscapescene

mountainscene

clouds snow water

waterform abstract

sky forest grass

plants

sand stone

stoneform

thing

Colors
Textures

N. Fuhr


