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Image retrieval with color co-occurrence matrices

1. Introduction

2. Texture: -human description (TEXRET-System)
-hierarchical (multiscale space)
-rgb, hsv, yuv3. Color:

4. Definition: co-occurrence Matrix

5. The original 14 features

6. Testing results

7. Outlook: -minimal set of features

-other color spaces

-motif co-occurrence matrices
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1.Introduction

ColorDB
Co-occurrence

Magic 
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2. Texture: -human description (TEXRET-System)
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2. Texture: -hierarchical (multiscale space)
Texture can be regarded as a hierarchical pattern because a characteristic structure
can be part of a larger structure that again may be periodic (Metzler,Palm,Lehmann,Aach 2002)

Gauss filter + resize
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-rgb, hsv, yuv3. Color:
RGB :[0,…,255] HSV :[0,…,1] YUV 
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- creates a black and white
image (luma) from the full
color image and then
subtracts the three primary
colors resulting in two
additional signals to describe
color

- U  and V channels
subtract the Luminance
values from Red (U) and 
Blue (V) to reduce the
color information
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co-occurrence Matrix (spatial-dependence matrix)4. Definition:

Computes the co-occurrence of gray tones at a certain distance

Normed symmetric matrix

1 2 3

4

567

8

90 degrees

d = 1

Size N x N,  N being the
maximal gray tone value

Capture 2nd order statistics 0 degrees

45 degrees135 degrees

4 directions of motion 4 co-occurrence matrices
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co-occurrence MatrixExample:
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5. The original 14 features( proposed by Haralick,Shanmugam ,and Dinstein, 1973)

1. Angular Second Moment 8. Sum Entropy

2. Contrast 9. Entropy

3. Correlation 10. Difference Entropy

4. Sum of Squares: Variance 11. Difference Variance

5. Inverse Difference Moment 12. Information Measures of Correlation I

6. Sum Average 13. Information Measures of Correlation II

7. Sum Variance 14. Maximum Correlation Coefficient
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Notation:

p(i,j) (i,j)th entry in a normalized co-occurrence matrix

px(i) i-th entry in the marginal-probability matrix obtained by summing the rows
of p(i,j), py(j) is defined respectively by summing the columns 

N number of distinct gray levels in the quantized image
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Function1
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Angular Second Moment:

-measure of the smoothness of the image

-all pixels have the same gray level I=k

P(k,k)=1 for i=j and P(i,j)=0, else.

ASM=1.

-all pixels have different gray level 

P(i,j)=1/R

ASM=1/R.



University of Freiburg: Seminar CBIR Image retrieval by color co-occurrence matrices

Nov.2004 /M.T. page 12

Function 2
Contrast:
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-measure of the image contrast (locally gray-level variations)

-the argument of the first sum is the percentage of pixels whose intensity differs by n

-n^2 weighs the big differences more

-takes large values for large contrast
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Function 3-4

Correlation:
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Function 5 + 9

Inverse Difference Moment:
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-takes high values for low-contrast images due to the inverse (i-j)^2
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Entropy:

-measure of randomness 

-takes low values for smooth images 
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Function 6-8

Sum Average:
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Functions 10-11

Difference Entropy:
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Functions 12-13

Information Measures of Correlation I+II:
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HX and HY are entropies of px and py
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Functions 14

Maximal Correlation Coefficient:

=14f (Second largest eigenvalue of Q)1/2
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Feature generation

256x256 matrix

0,45,90,135 degree
mean

range
14
F
U
N
C
T
I
O
N
S

28 features
Vector(1 x 28)

mean

range
28 features
Vector(1 x 28)

mean

range
28 features
Vector(1 x 28)
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6. Testing results

d=1,3

Color spaces: RGB,HSV 

For each category was chosen one representative picture
‘1.jpg’,’101.jpg’,..’901.jpg’

output: 12 pictures

#pictures in the right category out of the first 3 ones

#pictures in the right category

Euclidian distance as a measure of similarity between the feature vectors
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#out of first 3/# out of first 12 d=3d=1

Category red green blue

African 
People

1/2 0/3 1/7

Beach 0/1 0/2 1/4

Antique 
building

1/4 0/1 2/5

Bus 0/1 0/1 0/2

Dinosaur 3/11 3/12 3/10

Elephant 0/0 1/5 2/4

Flower 1/3 3/10 3/11

Horse 1/3 1/4 3/8

Mountain 0/0 0/3 0/2

Food 0/2 0/2 0/0

Category red green blue

African 
People

0/5 0/1 2/5

Beach 0/1 0/2 0/3

Antique 
building

1/2 0/1 1/2

Bus 0/0 0/1 0/2

Dinosaur 3/11 3/12 3/10

Elephant 0/1 0/2 1/5

Flower 3/4 3/9 3/11

Horse 1/3 0/3 2/8

Mountain 0/1 0/0 0/0

Food 1/1 1/1 0/0
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category best classified: dinosaur, flower

category worst classified: mountain, food, bus

d = 1 better than d=3

color blue best!
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#out of first 3/# out of first 12 d=3d=1

Category hue saturation value

African 
People

0/1 2/7 0/1

Beach 0/5 1/1 1/2

Antique 
building

1/2 1/5 2/6

Bus 2/4 2/11 0/2

Dinosaur 3/9 1/6 3/11

Elephant 3/4 0/1 1/4

Flower 1/3 3/6 1/2

Horse 2/3 1/4 2/2

Mountain 2/7 0/0 0/3

Food 1/2 1/2 0/0

Category hue saturation value

African 
People

0/3 2/6 0/2

Beach 1/4 1/2 1/3

Antique 
building

1/3 2/7 1/4

Bus 0/2 3/11 0/2

Dinosaur 3/10 2/8 3/11

Elephant 1/3 0/0 1/4

Flower 1/5 1/6 2/2

Horse 2/4 1/3 1/4

Mountain 2/6 0/1 0/1

Food 0/1 1/6 0/2



University of Freiburg: Seminar CBIR Image retrieval by color co-occurrence matrices

Nov.2004 /M.T. page 25

category best classified: dinosaur, bus

category worst classified: food

d = 1 not better than d=3

hue ,saturation better than value?
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Feature generation

mean

range

14
F
U
N
C
T
I
O
N
S

28 features
Vector(1 x 28)

+

+
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Classification over the sum of RGB/HSV:

Category sum(rgb)
d=1

sum(hsv)
d=1

African 
People

1/2 1/2

Beach 0/0 2/2

Antique 
building

2/4 3/7

Bus 1/3 2/5

Dinosaur 3/12 1/3

Elephant 2/5 0/3

Flower 1/4 2/7

Horse 0/3 2/5

Mountain 1/1 2/5

Food 0/1 1/4

category best classified: sum(rgb)->dinosaur
sum(hsv)->bus

category worst classified: sum(rgb)->beach
sum(hsv)->elephant

Better to consider the
distinct color channels
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Different categories?
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7. Outlook: -minimal set of features

-What functions 1-14 are really necessary for classification?

-angular second moment

- contrast

- correlation

- entropy

-Are there other interesting  functions apart of the 14 proposed ?
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7. Outlook: -other color spaces

-YUV was to difficult to implement because of the negative values

-What about L*a*b*?
-most complete color model used conventionally to describe all the colors visible to the human eye

Luminance 25% Luminance 50% Luminance 75% 

-luminance of the color (L*, the smallest L yields black) 

-position between red and green (a*, the smallest a yields green) 

-position between yellow and blue (b*, the smallest b yields blue) 
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Advantages of Lab:

-Difference between color can be measured easily

222 *)(*)(*)( baLd ∆+∆+∆=

Disadvantages of Lab:

-no linear transformation rgb2lab

a* = 500 ( f(X/Xn) - f(Y/Yn) )
b* = 200 ( f(Y/Yn) - f(Z/Zn) )

where f(t) = t1/3 for t > 0.008856 
f(t) = 7.787 t + 16/116 otherwise

L* = 116 (Y/Yn)1/3 - 16 for Y/Yn > 0.008856

L* = 903.3 Y/Yn otherwise

-also negative values
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7. Outlook: -motif co-occurenc matrices
(Jhanwar, Chaudhuri, Seetharaman, Zavidovique, 2002)

Primitive scans (called motifs) 

z n c gamma alphau

4623

2318

Problem 1: z or n ?
original image horizontally shifted image

Problem 2: shifted image capture 3rd order statistics
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