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Many thanks to Ulas Bagci (Northwestern University)

for sharing his experience and course material 

Texture Analysis and its role in  Radiomics
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Χρήσιμο Υλικό

Από το βιβλίο Gonzalez/Woods κεφ. 11 Εξαγωγή χαρακτηριστικών 

Συγκεκριμένα 11.4.3 Υφή

Συμπληρωματικά (όχι υποχρεωτικά):

https://prism.ucalgary.ca/bitstream/handle/1880/51900/texture%20tutor

ial%20v%203_0%20180206.pdf

https://prism.ucalgary.ca/bitstream/handle/1880/51900/texture tutorial v 3_0 180206.pdf
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Texture analysis in practise

Texture information of lesion (heterogeneous vs homogeneous)

TEXTURE ANALYSIS?

Technique used in image processing to identify, characterize, and 

compare regions with distinct patterns

Measure and capture local image properties which are not 

necessarily based on intensity properties
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spiculated focal

Why computer measures of tissue appearance are so important?
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What to Measure in PET/SPECT/.. Images?

Texture information of lesion (heterogeneous vs homogeneous)

TEXTURE ANALYSIS?

Technique used in image processing to identify, characterize, and 

compare regions with distinct patterns

Measure and capture local image properties which are not 

necessarily based on intensity properties
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Why computer measures of tissue appearance are so important?
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What to Measure in PET/SPECT/.. Images?

Texture information of lesion (heterogeneous vs homogeneous)
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A spatial arrangement of 

a predefined number of 

voxels allowing the 

extraction of complex 

image properties.

Credit to:
Bagci EMBC 2011, RSNA 

2011, 2012, ISBI 2012, 

PlosOne 2013. 

Why computer measures of tissue appearance are so important?
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Simple Histogram can’t tell the whole story
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Why computer measures of tissue appearance are so important?

Credit to: Michael A. Wurth from Purdue University
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Example Texture Analysis Strategy
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Credit to: M. Hatt, JNM 

Why computer measures of tissue appearance are so important?



Texture Analysis tutorial

Why computer measures of tissue appearance are so important?



Gray-level Co-occurrence Matrix Texture

• aka second order statistics

• The computation of large number of texture features lead to the advancement of Radiomics approaches

https://prism.ucalgary.ca/handle/1880/51900

Why computer measures of tissue appearance are so important?

https://prism.ucalgary.ca/handle/1880/51900


Ανάλυση υφής Gonzalez Woods

• Διαβάστε τις σελίδες 723 με 730 από το βιβλίο σχετικά με ανάλυση 
υφής!



A technical view on texture analysis



Statistical Approaches (1st order)

• One of the simplest approaches for describing texture is to use statistical moments of the intensity 
histogram of an image or region.

• Let z be a random variable denoting intensity, and let p(zi ), i = 0,1,2,…,L − 1, be the corresponding 
normalized histogram, where L is the number of distinct intensity levels. 

• the nth moment of z about the mean is

• where m is the mean value of z (i.e., the average intensity of the image or region):

• The second moment [the variance σ2(z) = μ2(z)] is particularly important in texture description. It is a 
measure of intensity contrast that can be used to establish descriptors of relative intensity smoothness.

• H συνέχεια στο βιβλίο Gonzalez and Woods





Παράδειγμα από 
το μάθημα (1D)

Εδώ για να πάμε από 
συχνότητες σε πιθανότητες 
διαιρούμε με τον συνολικό 
αριθμό pixels (δηλ. γραμμές x 
στήλες εικόνας=36)



Statistical Approaches (2nd order)



• Haralick [1973 Haralick Robert M., Shanmugam K., Dinstein]

Texture based on GLCM
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Compared to what?

A technical view on texture analysis



Method 1: Haralick features and feature maps.

<17>/56

Gray Level Histogram Gray Level Coocurence Matrix (GLCM)

A technical view on texture analysis



Let G be a matrix whose

element gij is the number of times that pixel pairs with intensities zi and zj occur in image f in the position 

specified by Q, where 1 < i, j < L. A matrix formed in this manner is referred to as a graylevel (or intensity) co-

occurrence matrix. When the meaning is clear, G is referred to simply as a co-occurrence matrix.

Steps to create the GLCM of the ROI with 
orientation Θ = 00  (_), and distance d = 1.















Example of 2d texture extraction from class



Παράδειγμα από 
το μάθημα (2D)

Εδώ για να πάμε από συχνότητες σε 
πιθανότητες διαιρούμε με τον 
συνολικό αριθμό συν εμφανήσεων
(co-occurrences) δηλ το άθροισμα 
του πινακα GLCM=30)



Periodic/directional texture (from 
Gonzalez/woods)
• Thus far, we have dealt with single images and their co-occurrence matrices. Suppose that we want to “discover” (without looking 

at the images) if there are any sections in these images that contain repetitive components (i.e., periodic textures). 

• One way to accomplish this goal is to examine the correlation descriptor for sequences of co-occurrence matrices, derived from 
these images by increasing the distance between neighbors. 

• As mentioned earlier, it is customary when working with sequences of co-occurrence matrices to quantize the number of 
intensities in order to reduce matrix size and corresponding computational load. 

• The following results were obtained using L = 8.

• Figure 11.33 shows plots of the correlation descriptors as a function of horizontal “offset” (i.e., horizontal distance between 
neighbors) from 1 (for adjacent pixels) to 50. Figure 11.33(a) shows that all correlation values are near 0, indicating that no such 
patterns were found in the random image. 

• The shape of the correlation in Fig. 11.33(b) is a clear indication that the input image is sinusoidal in the horizontal direction. Note 
that the correlation function starts at a high value, then decreases as the distance between neighbors increases, and then repeats 
itself. 

• Figure 11.33(c) shows that the correlation descriptor associated with the circuit board image decreases initially, but has a strong 
peak for an offset distance of 16 pixels. Analysis of the image in Fig. 11.31(c) shows that the upper solder joints form a repetitive 
pattern approximately 16 pixels apart (see Fig. 11.34). The next major peak is at 32, caused by the same pattern, but the amplitude 
of the peak is lower because the number of repetitions at this distance is less than at 16 pixels. A similar observation explains the 
even smaller peak at an offset of 48 pixels.





Thank you for your attention!

Credits to Ulas Bagci and Michael A. Wurth from Purdue University 
http://www.cyto.purdue.edu/cdroms/micro2/content/education/wirth06.pdf

http://www.cyto.purdue.edu/cdroms/micro2/content/education/wirth06.pdf

