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IMAGE FEATURE EXTRACTION



Aim: information extraction

FEATURE EXTRACTION form of dimensionality reduction

transform data into a reduced 
representation (set of features)

DATA

FEATURE EXTRACTION

If carefully chosen

If data large & redundant

the features set will extract the 
relevant information
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Feature extraction: definition



Feature extraction: definition

Feature extraction can be divided in two steps:

• Feature detection
 Finding specific features in the image
 The process may or may not follow a segmentation step (find features in a 

specific region)

• Feature description
 Describe quantitative attributes that characterize the feature (called descriptor)

Features can be classified as global or local

Local feature descriptors should be ideally independent of location, rotation, scale and 
changes in image intensities
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1. Edge Detection Identification of edges
e.g. Sobel, Canny edge, … 

2. Point Detection Identification of points
e.g. Harris, SIFT …

3. Shape-Based Detection Identification of specific shapes
e.g. template matching, Hough transf.

4. Texture features More complex methods
e.g. Haralick features, …

Feature extraction: classification



8

1. Edge Detection Identification of edges
e.g. Sobel, Canny edge, … 

2. Point Detection Identification of points
e.g. Harris, SIFT …

3. Shape-Based Detection Identification of specific shapes
e.g. template matching, Hough transf.

4. Texture features More complex methods
e.g. Haralick features, …

Feature extraction: classification

SEGMENTATION



9

1. Edge Detection Identification of edges
e.g. Sobel, Canny edge, … 

2. Point Detection Identification of points
e.g. Harris, SIFT …

3. Shape-Based Detection Identification of specific shapes
e.g. template matching, Hough transf.

4. Texture features More complex methods
e.g. Haralick features, …

Feature extraction: classification
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The invariance properties to different transformations (rigid and non-rigid) of a 
feature extraction method are crucial to define corresponding features in images 
- acquired with different modalities (multi-modal)
- coming from different patients (inter-patient)
- temporal series of the same patient (mono-modal intra-patient over time)

Typically: manual landmarks Time-consuming & operator-dependent

Feature extraction: points

Phase 0: maximum
exhale

Phase 6: maximum
inhale



Harris corner detector



Harris detector: maths

 
2

,

( , ) ( , ) ( , ) ( , )
x y

E u v w x y I x u y v I x y   

Change of intensity for the shift [u,v]:

IntensityShifted 
intensity

Window 
function

orWindow function w(x,y) =

Gaussian1 in window, 0 outside



Harris detector: maths

Using Taylor expansion approximated to the first order (small shift!):

𝐼 𝑥 + 𝑢, 𝑦 + 𝑣 = 𝐼 𝑥, 𝑦 + 𝑢 𝐼𝑥 𝑥, 𝑦 + 𝑣 𝐼𝑦 𝑥, 𝑦

Which gives:

𝐸 𝑢, 𝑣 =෍

𝑥,𝑦

𝑤 𝑥, 𝑦 𝐼 𝑥, 𝑦 + 𝑢 𝐼𝑥 𝑥, 𝑦 + 𝑣𝐼𝑦 𝑥, 𝑦 − 𝐼 𝑥, 𝑦
2

𝐸 𝑢, 𝑣 =෍

𝑥,𝑦

𝑤 𝑥, 𝑦 𝑢2 𝐼𝑥
2 𝑥, 𝑦 + 2𝑢𝑣𝐼𝑥 𝑥, 𝑦 𝐼𝑦 𝑥, 𝑦 + 𝑣2 𝐼𝑦

2 𝑥, 𝑦

𝐸 𝑢, 𝑣 = 𝑢 𝑣 ෍

𝑥,𝑦

𝑤(𝑥, 𝑦)
𝐼𝑥
2 𝐼𝑥𝐼𝑦

𝐼𝑥𝐼𝑦 𝐼𝑦
2

𝑢
𝑣



1 , 2 small1 , 2 different
order

1 , 2 large

14

The matrix can be interpreted as a
tensor image, where the outer
products of the gradients are
convolved with a weighting
functionw.

The eigenvalues (1 , 2) define the
features











2

2

yyx

yxx

III

III
wA

Harris detector



Harris detector
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Measure of corner response:

(k – empirical constant, k = 0.04-0.06)

2)(det traceAkAR 

21

21det









traceA

A

R depends only on eigenvalues of A:

• R is large for a corner

• R is negative with large 
magnitude for an edge

• |R| is small for a flat 
region

“Corner”

“Edge” 

“Edge” 

“Flat”

R > 0

R < 0

R < 0|R| small

2

1

2 >> 1

1 and 2 are large,

1 ~ 2

1 >> 2

1 and 2

are small

Harris detector response



17

- Rotation Invariance

- But: non-invariant to image scale

All points will be classified 
as edges

But CORNER!!!!

Harris detector features
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Consider regions (e.g. circles) of 
different sizes (i.e. at different 
spatial resolution) around a point

Regions of corresponding sizes (at 
different scales) will look the same 
in both images

The problem: how do we choose 
corresponding circles independently in 
each image?

Scale invariant detection



Scale Invariant Feature Transform (SIFT)

• A scale-space is built by convolving the image with a 
Gaussian kernel. The output is a stack (known as octave) 
of blurred Gaussian Images, separated by a constant 
multiplicative factor k

• Once a complete octave has been processed, the 
Gaussian image with sigma equal to double of the initial 
value is subsampled by a factor of 2 and used as a 
source for the next octave.

• Difference of Gaussian Images (DOGs) are obtained by 
subtracting each Gaussian Image from the adjacent one 
in each octave
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D
o

w
n

sa
m

p
lin

g
(2

) 

2^ octave

1^ octave

Start Image

(…)

Scale Invariant Feature Transform (SIFT)

s is the number of 
increments of sampling 
frequency per octave of 
scale space, also called 
intervals
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Octave 1

Octave 2

Octave 3

SIFT – Octaves and DoGs
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maxima minima

DOG(current)DOG(previous) DOG(following)

Candidate keypoints are detected as local extrema by comparing a voxel with 
its neighbors in 3x3x3 region in the current and adjacent DOGs

SIFT – keypoints



SIFT – keypoints example
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Threshold on contrast: 
we define a point as stable if it is well 
contrasted: the candidate landmark x has a 
value of |DOG(x)| greater than a threshold

Threshold on curvature:
we define a point as stable if sufficiently 
different from an edge point that cannot be 
distinguished wrt others

GOAL: keep stable points = feature points

SIFT – keypoint localization



The principal curvature describes how a surface bends at a point. It can 
mathematically be described with the Hessian matrix:

By defining a threshold value, noted here as tmax, the keypoint rejection can 
be done by checking against:

SIFT – keypoint localization (curvature)



SIFT – keypoint descriptor
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- definition of a 16*16 pixel region around the stable point
- each region is weighted with a Gaussian kernel with σ= ½ descriptor size
- Orientation histogram on a 4*4 pixel sub-region (In each sub-region we build 8 gradient directions)
- The descriptor is formed from a vector containing the values of all the orientation histogram entries 
(corresponding to the lengths of the arrows). The dimensionality of the resulting descriptor vector is 
defined as 8*4*4.

2D

3D
- 16*16*16 voxel around the point
- 4*4*4 sub-region with 8*8 bin
- Descriptor=vector with 4*4*4*8*8 elements

SIFT – keypoint descriptor
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IMAGE 1

Keypoints 1 
(with their
descriptor)

IMAGE 2

Keypoints 2 
(with their
descriptor)

- we find n’1 ,n’2 nearest to n in Sn,n’ domain

- if n corresponds with the one with smaller S (first nearest neighbor)

else no association for the keypoint

- Bidirectional mapping to increase accuracy of feature point association

Euclidean Distance between descriptors

Orientation histogram of the 
two images
α=index bin

SIFT – keypoint matching
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Rando
(original image)

Transformed Rando
(synthetic image)

T (SIFT)

point_match1

T

point_match1_1

point_match2

- Error [mm]

PHANTOM: RANDO® image dimension: 512x512x123
resolution: [0.94 0.94 3]mm

Application of known rigid
(rotation, translation, 
scaling) and non-rigid

transformations T

Phys Med Biol. 2013 Jan 21;58(2):287-99

SIFT – invariance properties
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Max

Min

Phys Med Biol. 2013 Jan 21;58(2):287-99

SIFT – invariance properties
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Phys Med Biol. 2013 Jan 21;58(2):287-99

SIFT – invariance properties
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Warping (non-rigid transform)
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Phys Med Biol. 2013 Jan 21;58(2):287-99

SIFT – invariance properties
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1. Edge Detection Identification of edges
e.g. Sobel, Canny edge, … 

2. Point Detection Identification of points
e.g. Harris, SIFT …

3. Shape-Based Detection Identification of specific shapes
e.g. template matching, Hough transf.

4. Texture features More complex methods
e.g. Haralick features, …

Feature extraction: classification

IMAGE PATTERN CLASSIFICATION
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1. Edge Detection Identification of edges
e.g. Sobel, Canny edge, … 

2. Point Detection Identification of points
e.g. Harris, SIFT …

3. Shape-Based Detection Identification of specific shapes
e.g. template matching, Hough transf.

4. Texture features More complex methods
e.g. Haralick features, …

Feature extraction: classification



Texture: definition

• Texture is a repeated pattern of information or arrangement of 
the structure with regular intervals

• In a general sense, texture refers to characteristics and 
appearance of an object given by the size, shape, density, 
arrangement, proportion of its elementary parts 

• In the imaging domain, texture refers to specific spatial 
arrangement of gray-level / color information in the image, as 
defined locally



Texture quantification

Different methods for texture quantification:
• Statistical moments (histogram-based features)
• Co-Occurrence Matrix measures (Haralick features)
• Spectral approaches
• Principal component analysis



Histogram-based texture quantification

In an image with K gray levels, consider a region with mean value μ, 
and histogram h(k) with k ranging from 0 to K − 1. The n-th moment 
about the mean for this histogram is given by

𝑚𝑛 =
1

𝐾
෍

𝑘

𝐾−1

(𝑘 − 𝜇)𝑛ℎ(𝑘)

The second moment (or variance), is a common texture measure; it 
correlates well with the visual roughness perception, and it is relatively 
fast to compute. The third (skweness) and fourth (kurtosis) moments, 
reflect, respectively, the asymmetry and uniformity of the histogram.

Statistical moments



Normal Fatty Cirrhosis

Variance 464.9 366.2 365.5

Kurtosis 2.45 2.87 3.58

Statistical moments

Ultrasound images of the liver

Normal Fatty Cirrhosis



Co-Occurrence matrix

• The spatial information considered is the relative position of pairs of pixels, 
defined with distance d and orientation θ that describe the location of the 
second pixel with respect to the first

• A co-occurrence matrix is formed for each such position. Each co-
occurrence matrix prepares the data to emphasize primarily structure or 
streaks in a given direction and a grain size that is at least as large as the 
selected distance

• Typically, four values of θ, namely 0◦, 45◦, 90◦, and 135◦, cover the 
orientations, and the most common choice of distance is d = 1 when θ is 0◦
or 90◦, and d =√2 when θ is 45◦ or 135◦



Co-Occurrence matrix - example

Normalization (matrix C)

Example with θ = 0◦ and d = 1



• The number of pixel pairs P’ used to build G(d, θ) is always smaller than P 
(P = M * N) because, for each choice of d and θ, some pixels do not form 
pairs

• The co-occurrence matrix C(d, θ) is made of elements cij =gjj / P’, namely 
the probability of having pixel pairs with values i and j in locations that 
exhibit the selected relative position:

𝑃′ = 𝑀 𝑁 − 𝑑 𝑓𝑜𝑟 𝜃 = 0
𝑃′ = 𝑁 𝑀 − 𝑑 𝑓𝑜𝑟 𝜃 = 90

𝑃′ = (𝑀 − 𝑑/ 2) 𝑁 − 𝑑/ 2 𝑓𝑜𝑟 𝜃 = 45 𝑎𝑛𝑑 𝜃 = 135

• The value of P’given by can also be accumulated during the computation 
of G(d, θ)

Co-Occurrence matrix - normalization



• Often, the pixel values of the image are mapped to new values 
in a scale with fewer quantization levels, possibly producing a 
new image with K = 64 or lower

• Some of the image information is eliminated, texture 
information can be derived if the intensity mapping is 
appropriate

• Linear mapping, however, may not be always the best choice. 
A nonlinear mapping that uses larger steps at gray levels with 
insignificant information and small or unchanged steps at 
critical gray levels imparts the desired reduction in K without 
adversely affecting the texture metrics

Co-Occurrence matrix – quantization levels



Haralick features - energy

Energy (angular second moment):

𝐸 = ෍

𝑖=0

𝐾−1

෍

𝑗=0

𝐾−1

𝑐𝑖𝑗
2

Provides a quantification of homogeneity:

• In a homogeneous region, there are few gray-level transitions, and most of the 
pixel pairs have the same or close values

• This metric is sensitive to intensity transitions but insensitive to the 
magnitude of the transitions

• Higher local intensity contrast within an inhomogeneous region does not 
increase this metric

Entries of normalized 
co-occurrence matrix



Haralick features – inertia & IDM

Inertia quantifies the texture contrast:

𝐼 = ෍

𝑖=0

𝐾−1

෍

𝑗=0

𝐾−1

(𝑖 − 𝑗)2𝑐𝑖𝑗
2

which weighs each element cij with the gray-level difference i − j that produced it. 

• Larger transitions are emphasized, and this metric becomes sensitive to the local 
contrast of the inhomogeneity

• The inertia metric will have low values for homogeneous regions, and high values for 
inhomogeneous regions with high contrast

Inverse difference moment:

𝐼𝐷𝑀 = ෍

𝑖=0

𝐾−1

෍

𝑗=0

𝐾−1
1

1 + (𝑖 − 𝑗)2
𝑐𝑖𝑗



Haralick features – entropy

Entropy

𝐸𝑛𝑡𝑟𝑜𝑝𝑦 = ෍

𝑖=0

𝐾−1

෍

𝑗=0

𝐾−1

𝑐𝑖𝑗
1

log(𝑐𝑖𝑗)
= −෍

𝑖=0

𝐾−1

෍

𝑗=0

𝐾−1

𝑐𝑖𝑗 log 𝑐𝑖𝑗

quantifies the level of randomness in the region and has its highest value 
when all cij are equal. This is the case where all intensity transitions are 
equally likely:
• Although this case is often not observed in practice, it illustrates the type 

of information that this metric conveys (cfr. Image registration)
• The entropy metric may be used to distinguish tissue with somewhat 

structured texture from tissue with less structure. The first yields a 
relatively lower entropy than the second.



Haralick features – others

Other texture metrics can be computed by using marginal distributions derived 
from the co-occurrence matrix:

𝑐𝑥 𝑖 = ෍

𝑖=0

𝐾−1

𝑐𝑖𝑗 𝑎𝑛𝑑 𝑐𝑦 𝑖 = ෍

𝑗=0

𝐾−1

𝑐𝑖𝑗

Featuring means and standard deviations μx, μy, σx, σy, respectively.

In addition, the sums of probabilities that relate to specified intensity sums or 
differences are defined by:

𝑐𝑥+𝑦 𝑘 = ෍

𝑖+𝑗=𝑘

𝑐𝑖𝑗 𝑘 = 0,1,2, … , 2𝐾 − 2

𝑐𝑥−𝑦 𝑘 = ෍

𝑖−𝑗 =𝑘

𝑐𝑖𝑗 𝑘 = 0,1,2, … , 𝐾 − 1



Haralick features – others

𝑐𝑜𝑟𝑟𝑒𝑙𝑎𝑡𝑖𝑜𝑛 =
σ𝑖=0
𝐾−1σ𝑗=0

𝐾−1 𝑖𝑗 𝑐𝑖𝑗 − 𝜇𝑥𝜇𝑦

𝜎𝑥𝜎𝑦

𝑠𝑢𝑚 𝑎𝑣𝑒𝑟𝑎𝑔𝑒 = ෍

𝑘=0

𝐾−2

𝑘𝑐𝑥+𝑦(𝑘)

𝑑𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒 𝑎𝑣𝑒𝑟𝑎𝑔𝑒 = ෍

𝑘=0

𝐾−1

𝑘𝑐𝑥−𝑦(𝑘)

𝑠𝑢𝑚 𝑒𝑛𝑡𝑟𝑜𝑝𝑦 = −෍

𝑘=0

𝐾−2

𝑐𝑥+𝑦 𝑘 log 𝑐𝑥+𝑦 𝑘

𝑑𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒 𝑒𝑛𝑡𝑟𝑜𝑝𝑦 = −෍

𝑘=0

𝐾−1

𝑐𝑥−𝑦 𝑘 log{𝑐𝑥−𝑦 𝑘 }



Haralick features – applications



Haralick features – applications



Alternative matrix-based approaches
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