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Feature Matching vs. Tracking

� Image-to-image correspondences are determined by some interest 
point.

� These are widely used in triangulation-based 3D reconstruction 
methods, in target identification etc..

� Feature Matching: Extract features independently in each 
image/frame and then match by comparing feature descriptors

� Feature Tracking: Extract features in first image/frame and then look 
for these features in the following images/frames
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Feature vs Interest Point

� Interest Point: location (coordinate) of a pixel which is considered 
meaningful for some task.

� Feature:  Descriptors of  an the image in a certain area, typically 
around an interest point.
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Feature vs Interest Point

� Interest Point: location (coordinate) of a pixel which is considered 
meaningful for some task.

� Feature:  Descriptors of  an the image in a certain area, typically 
around an interest point.

� Interest Point extraction is a preliminary step to deterine Image 
Features.

� Image correspondences are determined by matching fe atures.

� 3D recostruction as well as tracking techniques oft en rely on 
these matches.
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Features and Interest Point

� Consider an Image Patch



Computer Vision Group

Features and Interest Point

� Consider an Image Patch

� Interest Point



Computer Vision Group

Features and Interest Point

� Consider an Image Patch

� Interest Point

� A Feature could be
• an interest point neighbor



Computer Vision Group

Features and Interest Point

� Consider an Image Patch

� Interest Point

� A Feature could be
• an interest point neighbor

• some measures 
computed in an image 
neighbor:

� mean
� variance
� principal directions

� ...

stacked in a vector



Computer Vision Group

Feature Properties

� Well-defined : i.e. neighboring points should all be different

� Stable across views: same scene point should be extracted
as feature for neighboring viewpoints
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Interest Point Detection

Low Level Inspired

� Gradient Based (ex Harris, Hessian)
� Phase Based (Kovesi)
� Entropy Based (Zisserman)
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Comparing image regions: Pixel by Pixel

I(x,y) I´(x,y)

� Dissimilarity Measure: the Sum of Squared Distances SSD 



Computer Vision Group

Image Patches at Corners are good Features

� Not every image patch could are suited for being a feature. Often an 
image patch results in a feature badly defined
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Image Patches at Corners are good Features

� Not every image patch could are suited for being a feature. Often an 
image patch results in a feature badly defined
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Harris – Moravec 

� Compute the Sum of Square Distances between the image values on 
the green square at different position (displaced of x,y). 

“flat” region:
no change in 
all directions

“edge”:
no change along 
the edge direction

“corner”:
significant change 
in all directions
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� Response on sliding windows – Moravec (81)
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(e.g the green square in the previous slides)

� At corners, even the displacement with having the smallest  value of  
� ��� �“is big” 

� �� � � ! " #$%
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where ! " is a threshold

� Look for local maxima of HM(r,c), as corners maximizes such measure

Moreavec (80)
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Moravec Drawbacks – Solutions 

� The response may be noisy

� Solution: take w as Gaussian distributed weights, possibly larger than the 
typically considered squared 
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Moravec Drawbacks – Solutions 

� The response is anisotropic as only a finite set of displacements (x,y) is 
considered

therefore, the same corner rotated may yield different responses.

� Solution: Analytical Formulation of E(x,y), expand it in Taylor series

approximating 
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Moravec Drawbacks – Solutions 

Thus
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Moravec Drawbacks – Solutions

� That has the following matrix formulation

� ��� �� � & �� � �' �� �
�
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being the derivatives � � and � � computed with Sobel or Previtt filters

� Thus � ��� �� � can be computed at any pixel �� � , w.r.t. any
displacement vector �� �
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Moravec Drawbacks – Solutions

� That has the following matrix formulation
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Matrix M values in different image areas

homogeneous

edge

corner

Find points that differ as much as possible from the neighboring points
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Matrix M values in different image areas

homogeneous

edge

corner

The “analytical“ behavior of the matix M in such patches
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homogeneous

edge

corner
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Matrix M values in different image areas
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Moravec Drawbacks – Solutions

� Considering only the minimum of E is not a great deal, may give too 
ready responses

� Solution consider the SVD
of M and pretend that the
minimum of the 
eigenvalues of M is big

l 2 “Corner”
l 1 and l 2 are 
large,
l 1 ~ l 2;
E increases in all 
directions

“Edge” 
l 1 >> l 2

“Edge” 
l 2 >> l 1

“Flat”
region

l 1

Being              the eigenvalues of M 
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Harris – Stevens (88)

l 2 “Corner”
l 1 and l 2 are 
large,
l 1 ~ l 2;
E increases in all 
directions

“Edge” 
l 1 >> l 2

“Edge” 
l 2 >> l 1

“Flat”
region

l 1

� To avoid eigenvalue          
decomposition
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C. Harris and M. Stephens  "A combined corner and e dge detector"  1988,  
Proceedings of the 4th Alvey Vision Conference. pp.  pp 147--151.
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Harris corner detector as Feature Selector

� Only use local maxima, subpixel accuracy 
through second order surface fitting

� Select the local maxima of Harris Measure as 
Features to perform Matching
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Harris – Stevens (88) : Feature extraction

� Pro

• Fast

• Rotation invariant

� Shortcomings

• No scale invariant

• No affine transform invariant
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FeatureTracking
Giacomo Boracchi

3/12/ 2008
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Comparing image regions: Pixel by Pixel

� Dissimilarity Measure SSD the Sum of Squared Distances 

I(x,y) I´(x,y)
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Comparing image regions: Pixel by Pixel

I(x,y) I´(x,y)
� Similarity measures
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Normalized Cross Correlation

� it is defined as

and      represents the average image value on patch A

� Gives a measure between [-1,1] ,while the SSD is only positive and 
not normalized

� It is invariant to changes in the average image intensity

� Allows fast implementation using running sum to compute local 
averages
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Tracking Issues 

A good Tracking algorithm has to address the following issues

� Occlusions

� Feature Deformations due to motions
• Affine

• Perspective 
� Light Changes (not for NCC based measures)

� Noise

� Blur
� Other Artifacts (e.g. Jpeg compression)
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KLT – Shi and Tomasi 94

� Take into account also for affine changes in the image

� Consider a Video:
let ���� �� *�� be the intensity value of pixel ��� ��� in the frame at time *

� Then how express that the two pixels representing the same target 
have the same intensity in two different frames acquired at times            

, and possibly different position:

where

� By extending the criteria to neighborhoods (image patches), we have 
a measure that can be used to perform feature matching or tracking. 

J. Shi and C. Tomasi "Good features to track" Procee dings of CVPR '94,pp. 593-600
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KLT – Shi and Tomasi 94: Feature Tracking

� Let define                 the displacement vector at each pixel . 

� We assume the displacement is described by an affine motion field

� Consider now only two frames I,J, then:

• Translation motion model

• Affine motion model

( , ) Dx dd x h= = +

( ) ( ) ( ) ( )J x J x Dx d J Ax d I xd+ = + + = + = = +A I D

( ) ( ) ,J x d I x+ =

+ �
, ��� , ���

, ��� , ���
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KLT – Shi and Tomasi 94 : Dissimilarity measure

� Exact matching are rarely possible (e.g. noise, illumination changes)

� Goal : minimize a dissimilarity measure(SSD based tracking)

- � . / 01 2 3 � � � 1 4 	 1 ,1
5

� A and d can be determined in a closed form when minimizing - (by 
introducing approximations)

� An exact solution can be obtained by iterative procedure

� And also for the translation only case
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KLT – Shi and Tomasi 94: Tracking 

� During Tracking : the affine deformation between two consecutive 
frames I and J should be small
• Then pure translation is assumed (i.e. D=0, A=I)

� During Matching (i.e.monitoring features): the full affine motion is 
assumed. 
• When comparing the first frame with the current frame ,

six parameters (4 affine + 2 translational motion) has to be 
estimated

� Thus tracking is based on translations, feature monitoring is based on 
affine deformations.
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KLT – Shi and Tomasi 94: Which are Good features?

� Not every image pixel is a good point to track.
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The “Aperture Problem”

� Not every image pixel is a good point to track.
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The “Aperture Problem”

Motion along just an edge is ambiguous

� Not every image pixel is a good point to track.
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KLT – Shi and Tomasi 94: Which are Good features?

� Not every image pixel is a good point to track.

� “The right features are exactly those that make the tracker work best”

� How the tracker work? It needs to invert 2 matrices: Z and T.

� Then Good features are those having the matrices Z and T well 
conditioned (then again eigenvalues analysis)

� Thus, no a priori assumption about feature goodness

� Affine motion also considered, while most of interest point detectors 
assume translational motion only
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KLT – Shi and Tomasi 94: Which are Good features?

� Is this enough?

� No! during tracking some features may “disappear”
• Because of occlusions

• Because of overlaps

� Thus, it is not possible to define a goodness measure for the whole 
sequence, analyzing only the first frame.

• Introduce the Dissimilarity , as the result of comparing features 
in the first and in the current frame , assuming affine
deformations.
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KLT – Shi and Tomasi 94 : Performances

� Adjacent frames – pure displacement Z matrix 

� Cumulative changes – Affine Transform  T matrix 
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KLT – Shi and Tomasi 94 : Performances

� Adjacent frames – pure displacement Z matrix 

� Cumulative changes – Affine Transform  T matrix 
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KLT – Shi and Tomasi 94 : Performance

� Camera moving forward 2mm per frame

� Affine alignment between first and last frame

� Stop tracking features with too large errors
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KLT – Shi and Tomasi 94 : Performance
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KLT – Shi and Tomasi 94 : Performance

� Dissimilarity computed considering pure translation model. 
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KLT – Shi and Tomasi 94 : Performance

� Dissimilarity computed considering affine transforms
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KLT – Shi and Tomasi 94 : Performance

� Dissimilarity computed considering affine transforms
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A Project: Rotational Blur Removal
Giacomo Boracchi
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� In each pixel the blur 
smears are varying

� Only in trivial case of 
rotation axis orthogonal 
to image plane this can 
be considered 
circumferences

Rotational Blur
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Examples of our recent activities…

� Rotational Blur Estimation From a single Image

� Blur is Space Variant

� Estimation of 
• 3d camera rotation 

axis
• Angular speed

� From a single image
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Rotation Axis Estimation: the local blur analysis
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Rotation Axis Estimation: the voting procedure
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� blurring path the set of pixels which are 
intersected by a  viewing ray after a rotation of 
around the axis a

¼¼

P

C

P C

´
V Va

a

circumferences Conic sections

Blurring paths

2¼
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Examples of our recent activities…

� And then…. 

� Blur Removal

� Denoising!

� i.e. a restoration 
algorithm
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Blur Removal: Scheme and Issues

� Projection of the image on the plane orthogonal to rotation axis
• In such a way the blurring paths become circumferences
• The mapping (an homography) should be extremely accurate

� Cartesian to Polar coordinate transform so that the blur becomes 
shift invariant, i.e. uniform, all the pixels blurred at the same way

� Blur Inversion via Regularized Wiener Filtering (Classical Procedure)

� Polar to Cartesian coordinate transform

� Denoising in Cartesian domain in order to exploit image structures
• Using LASIP adaptive filtering algorithms (codes)
• Noise Modeling via Monte Carlo approach
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Computer Vision Group Team

� Vincenzo Caglioti

� Giacomo Boracchi, Simone Gasparini, Alessandro Giusti, Pierluigi Taddei


