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ÅColor spaces 

ïRGB, CYMK, HSV 

ÅExtracting color features 

ïAverage color, color histogram, quantization 

ÅMatching 

ïComparison of histograms, Minkowski distance, 

Quadratic distance, Mahalanobis distance 

ïColor Layout 

ÅToday: Textures  
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2.  Previous Lecture  
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 3  Texture-Based Image Retrieval 

   3.1  Textures,  basics 

 3.2  Low-Level Features 

- Tamura Measure 

- Probabilistic: Random Field Model 

 3.3  High-Level Features 

- Fourier-Transform 
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3  Texture -Based Image Retrieval  



ÅTextures describe the nature of typical, recurrent 

patterns in pictures  

ÅImportant for the description of images 

ïType of representation (raster image, etc.)  

ïImage objects  

ÅNatural things: grass, gravel, etc.  

ÅArtificial things: stone walls, wallpaper, etc.  
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3.1  Texture Analysis  



ÅVarious ordered and random textures 
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3.1  Example  



ÅTexture segmentation 

ïFind areas of the image (decomposition) with 

homogeneous textures  

ÅTexture classification 

ïDescribe and denote homogeneous textures in image 

regions  

Å(Texture synthesis) 

ïCreate textures for increased realism in images 

(texture mapping, etc.)  
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3.1  Texture Research  



ÅFind image regions with a certain texture 

ÅHere: wine grapes 

ÅScene  

Decomposition  
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3.1  Texture Segmentation  



ÅColor and texture are related 

 

 

 

 

 

ÅTexture decomposition often provides no 

meaningful (semantically related) areas 
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3.1  Texture Segmentation  



ÅDenote the (segmented) regions with a 

predominant texture  

ïMedical images: tomography, etc.  

ïSatellite images: ice, water, etc.  

ï...  

ÅDescribe the corresponding texture with 

appropriate features, suitable for comparisons in 

similarity search queries 
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3.1  Texture Classification  



ÅClassification can be semantic 

ïTextures represent objects in the real world  

ïStrongly dependent on the application  

ÅOr based on purely descriptive characteristics 

ïUsually it has no direct significance for people 

ïEnsures comparability between different image 

collections 

ïQuery-by-Example  
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3.1  Texture Classification  



ÅExample: Satellite image (semantically) 
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3.1  Texture Classification  

Sand 

Water 



ÅHow to describe textures for similarity measures?  

ÅLow-level features 

ïBasic building blocks (e.g., Juleszô Textons), Tamura-

measure, etc.  

ÅHigh-level features 

ïGabor-Filters, Fourier-Transformation, etc.  
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3.1  Texture Features  



ÅHow do people distinguish textures? 
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3.1  Texture Features  



Å(Rao / Lohse, 1993) give three main criteria: 

ïRepetition  

ïOrientation  

ïComplexity 

 

 

 

ÅIs this measurable? 
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3.1  Texture Features  



Å60s and 70s: Grey-level analysis 

ïGrey value histograms provide information on pixel 

intensity  

ïAllows comparison using expected value,  

standard deviation, etc. 

ïSimilar patterns produce similar distributions of grey 

values  
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3.2  Low -Level Texture Features  



ÅMoments of the first order, do not consider the 

position of the pixel 

ÅPeriodicity poorly detectable  
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3.2  Low -Level Texture Features  



ÅSolution: Grey-level co-occurrence 

ïPixel at position s has intensity q: I(s) = q  

ï(Julesz, 1961): Calculate the empirical  

probability distribution for the intensity change of the 

value m at pixel shift, with d pixels to the right:   

 

ï(Julesz, 1975): Generalization to  

shifts in any direction.  As two-dimensional 

distribution function (for every d) use the  

Grey -level co -occurrence matrix  
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3.2  Low -Level Texture Features  



ÅGrey-level co-occurrence matrix:  

ïConsider all pixel pairs (x1, y1), (x2, y2) with Euclidean 

distance d  

ïPoint (x1, y1) has grey value i,  

Point (x2, y2) has grey value j, 

i, j ɴ  {1, é, N} 

ïWe can now define Cd = [cd(i, j)] as grey-level  

co-occurrence matrix, where cd(i, j) is the number of 

pixel pairs, which have distance d and intensity  

i respectively j 
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3.2  Low -Level Texture Features  



ÅComplicated to calculate,  

(N x N) - matrix for different distances d 

ÅMany measures were derived from the 

grey-level co-occurrence matrices  

ÅThesis of Julesz (Julesz and others, 1973):  

People can not distinguish textures, if they have 

identical grey-level co-occurrence matrices 

ÅPerception psychology: Unfortunately wrong   

But useful as a rule of thumb! (Julesz, 1981) 
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3.2  Low -Level Texture Features  



ÅThe Tamura -measure  (Tamura and others, 1978) 

ÅImage textures are evaluated along six different 
dimensions 

ïGranularity (coarseness):  gravel vs. sand  

ïContrast: clear-cut shapes, shadows  

ïDirectionality: predominant directions  

ïLine-Likeness 

ïRegularity 

ïRoughness  

ÅThe last three properties are rarely seen and appear 
to be correlated to the others 
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3.2  The Tamura Measure  



ÅGranularity (coarseness) 

ïImage resolution: e.g., aerial photographs from 

different heights  
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3.2  Granularity  



ÅExamine the neighborhood of each pixel for 

brightness changes 

ïLay over each pixel, a window of size  

2i x 2i (e.g., 1 x 1 to 32 x 32 in IBM's QBIC)  

ïDetermine for each i and each pixel, the average gray 

level in the corresponding window 
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3.2  Granularity Extraction  



ÅCompute ŭi = max(ŭi
h, ŭi

v) for each pixel 

ïŭi
h is the difference of means of gray levels belonging 

to the left and right horizontally adjacent windows (of 

size 2i x 2i) 

ïŭi
v analogous, between the vertically adjacent windows 

ÅDetermine for each pixel, the maximum window 

size 2j x 2j, whose ŭj has the maximum difference 

(or which lies within a certain tolerance from the 

maximum of ŭi) 
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3.2  Granularity Extraction  



ÅThe granularity of the entire image, is the mean of 

the maximum window sizes of all pixels 

ÅA histogram which maps the number of pixels 

corresponding to each window can be used 

instead of the mean 

ÅThis allows for better comparison between 

images with different granularities 
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3.2  Granularity Extraction  



ÅProblem:  image selections, whose granularity 

needs to be determined,  

may be too small to calculate meaningful averages 

in large operator windows: small image 

sections  would therefore always have small 

granularity  

ÅEstimation of maximum ŭi  from the smaller 

values (Equitz / Niblack, 1994) 
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3.2  Granularity Extraction  



ÅContrast evaluates the clarity of an image 

ÅSharpness of the color transitions 

ÅExposure, shadows 
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3.2  Contrast  

Low Contrast High Contrast 



ÅExtraction of the contrast values 

ïConsider higher moments of the  

distribution of gray-level histogram 

ïThe contrast is 

ïWhere ů is the standard deviation of the image 

collection and Ŭ4 is the kurtosis 

and ɛ4 as the fourth central moment 

ïUni- and bi-modal distributions can be differentiated 

through the use of the kurtosis 
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3.2  Contrast  



ÅDirectionality 

ÅSenses predominant directions of elements in the 

image 
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3.2  Directionality  

Highly directional Weak directional 



ÅDirectionality 

ïDetermines the strength (magnitude) and direction 

(angle) of the gradient in each pixel e.g., Sobel edge 

detector (IBM's QBIC 16 directions) 
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3.2  Directionality Extraction  



ÅCreate histograms, which assign 
for each angle the number of 
pixels with gradients above a 
certain threshold 

ÅA dominant  direction in the image is 
represented by a peak in the histogram 

ÅIf the measure is rotation invariant, then do not 
use the angle, but the number and amplitude of 
such peaks for the calculation of the average 
directionality 
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3.2  Directionality Extraction  



ÅThe first three Tamura features arenõt correlated 

so we can implement similarity between two 

textures x and y as their distance in a 3D space: 
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3.2  Matching using the Tamura -measure  

G G 

G 



ÅPattern (fur) on ôcoats of armsõ images 
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3.2  Example  



ÅRandom-Field Models 

ïObservation: Textures are repeated periodically 

ïGenerating textures (synthesis) requires stochastic 

models 

ÅAbility to predict the brightness of a pixel in a image sample  

ÅProbability that a pixel has a certain brightness value  

ïA good model creates different, but still very similar 

textures 
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3.2  Stochastic models  



ÅThe same trick can be used for the texture 

description and matching 

ÅWhich model (parameter) generates the 

presented textures the best?  

ÅAssuming a model has created all the textures in 

the collection, the parameters  of the model 

serve as comparability features for each image  
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3.2  Random-Field Models  



ÅModel x generated textures: 

ïGiven a pixel and its surroundings:  

What is the expected intensity value?  

ïObviously different, therefore model x has different 

parameters for the following images 
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3.2  Example  

striated irregular 



ÅAn image is described by a matrix F  
(values in the matrix correspond to pixel intensities) 

ÅModel: 
ïMatrix F is a random variable  

ïThe distribution of class F is known,  but the parameters of the 
distribution are not 

ÅQuestion: 
ïWe have an image and we assume that it is an implementation 

of F.  What are the parameters for the corresponding 
distribution of F? (Maximum likelihood estimation)  

ÅIdea: describe the observed image by the estimated 
parameters 

ÅF is called a random field   
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3.2  Approach  



ÅWhat is the expected intensity of a pixel 

dependent from? 

ÅFor "sufficiently regular" textures the following 

locality statement is valid: 
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3.2  Locality Property of  Textures  

ăIf the neighbors to the left 

and right are white and the 

up and down neighbors are 

black, then the pixel covered 

by the red square is with a 

high probability also whiteó 


