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Lecture 22

Video Image Processing

Object Tracking I: 
Exhaustive Search, Mean Shift, Optical Flow
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Tracking

• Used in video surveillance, sports video analysis, vehicle guidance 
systems, etc.

• A hard task because objects
– may be undergoing complex motion
– may change shape
– may be occluded
– may change appearance due to lighting/weather
– may physically change appearance

• Approaches considered:
– Exhaustive search
– Mean Shift
– Dense optical flow
– Feature-based optical flow

Credit: Kenneth Dawson-Howe, A Practical Introduction to Computer Vision with OpenCV, © Wiley & Sons Inc. 2014
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Exhaustive Search

• Extract object to be tracked from frame

• Compare in all possible positions in future frame(s)

– Use a similarity metric, e.g. normalised cross correlation

– Pick the best match

• Need extra degrees of freedom for scale and orientation

• May fail if object motion is too complex

• Template matching and chamfer matching support this type of tracking

Credit: Kenneth Dawson-Howe, A Practical Introduction to Computer Vision with OpenCV, © Wiley & Sons Inc. 2014
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Mean Shift

• Back-projects a histogram of the object into the current frame

• Searches for a region of the same size within the back projection looking for 
the highest (weighted) sum

• Uses hill climbing (gradient ascent) to iteratively look for the (local) maximum

Credit: Kenneth Dawson-Howe, A Practical Introduction to Computer Vision with OpenCV, © Wiley & Sons Inc. 2014
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Mean Shift

• Requires a target image 

• Requires initial estimate of the target location

Credit: Kenneth Dawson-Howe, A Practical Introduction to Computer Vision with OpenCV, © Wiley & Sons Inc. 2014
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Credit: Markus Vincze, Technische Universität Wien
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Mean Shift - Algorithm

Searches an end point (modes) for a given set of points

1. Select kernel

2. For each point:
a) Set a window around this point

b) Calculate the mean of the data in this window

c) Shift the center of the window to new mean

d) Repeat steps b) and c) until convergence in end point (no more shifts)

3. Assign point to a cluster that leads to the same mode (end point)

Credit: Markus Vincze, Technische Universität Wien
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• Attraction basin: region, in which all paths lead to the 
same end point (mode)

• Cluster: all data points in attraction basin of a mode (end 
point)

Slide by Y. Ukrainitz & B. Sarel

Density as Attraction Basin

Credit: Markus Vincze, Technische Universität Wien
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Dense Optical Flow

Compute a motion field (known as optical flow) for the entire image
– Direction & Magnitude

© Reproduced by permission of Dr. James Ferryman, University of Reading

Credit: Kenneth Dawson-Howe, A Practical Introduction to Computer Vision with OpenCV, © Wiley & Sons Inc. 2014
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Dense Optical Flow

• We can estimate the motion field from images, but what we estimate will 
be related to the apparent motion

• What is the motion field of an object moving in a dark room? or of a 
uniform object on a similar background?

3D motion 
(rotational)

apparent
motion 

(perceived)

motion field
(projected)

Credit: Francesca Odone, University of Genova
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Dense Optical Flow

• Two different images of the same scene, this time acquired by the same 
camera at adjacent temporal instants

• Prior: in this case we may assume the displacement d to be very small 

N1i

j

i

j

N2

It It+1

d ? N2
N2

we consider a meaningful point in the 
image It  (eg a corner)

we look for the most similar point in 
image It+1 (in a small neighbourhood)

Credit: Francesca Odone, University of Genova
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Dense Optical Flow

• We start from an assumption on the image brightness constancy

• A classical derivative-based algorithm: Lucas Kanade

total image brightness is constant

Total (or full) derivative

(see https://en.wikipedia.org/wiki/Total_derivative)

x component of motion (velocity)

y component of motion (velocity)

visual motion (i.e. optical flow)

Credit: Francesca Odone, University of Genova
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Dense Optical Flow

Alternative derivation

From frame to frame, image appearance does not change (i.e. is constant)

If we assume the motion from frame to frame is small, we can use the approximation:

In effect, we approximate the next frame by adding estimates of motion in both 
directions and in time to to the image at time t

Hence:

Credit: Kenneth Dawson-Howe, A Practical Introduction to Computer Vision with OpenCV, © Wiley & Sons Inc. 2014
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Dense Optical Flow

Alternative derivation

Dividing across by Dt:

Reorganizing:

Credit: Kenneth Dawson-Howe, A Practical Introduction to Computer Vision with OpenCV, © Wiley & Sons Inc. 2014
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Dense Optical Flow

• The optical flow is a vector field subject to the constraint

• Notice that one constraint is not enough to compute the optical flow 
(2 unknowns)

Credit: Francesca Odone, University of Genova
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Dense Optical Flow

• The image brightness constancy equation allows us to determine the 
optical flow component parallel to the spatial image gradient

• Analytically

un

u

Credit: Francesca Odone, University of Genova
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Dense Optical Flow

• Many algorithms start from the idea of adding constraints to the 
underdetermined system obtained by the brightness constancy equation

• We will see a simple way of doing so: the Lucas-Kanade algorithm

– Assumption: u is constant in a small neighbourhood of a point

Credit: Francesca Odone, University of Genova



Applied Computer Vision 25 Carnegie Mellon University Africa

Dense Optical Flow

• The assumption allows us to obtain a system of equations with one 
equation for each point in the neighbourhood

• We then obtain a linear system Au=b with

m elements in the 
N neighbourhood

Credit: Francesca Odone, University of Genova
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Dense Optical Flow

• The linear system may be solved with the pseudo-inverse

• Notice that the inversion of the matrix will be ill-posed if the matrix is not 
full rank (i.e. all the equations are not linearly independent)

• The matrix is full rank in the proximity of corners (points who do not 
suffer from the aperture problem)

This is why Lucas Kanade is often implemented as a sparse algorithm 
(after a corner detection stage)

Credit: Francesca Odone, University of Genova
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Feature-based Optical Flow

• We cannot accurately compute optical flow for constant regions or along 
edges

• Often better to compute optical flow just for features (e.g. Lucas Kanade
feature tracker)

© Reproduced by permission of Dr. James Ferryman, University of Reading

Credit: Kenneth Dawson-Howe, A Practical Introduction to Computer Vision with OpenCV, © Wiley & Sons Inc. 2014
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Dense Optical Flow

D. Vernon, "Computation of Instantaneous Optical Flow using the Phase of Fourier Components”, 
Image and Vision Computing, Vol. 17, No. 3-4, pp. 189-198, 1999. 

D. Vernon, Fourier Vision, The Springer International Series in Engineering and Computer Science, 
Vol. 623 (ISBN: 978-0-7923-7413-8) 
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Dense Optical Flow

A function               translating with velocity             can be written

The shift property of the Fourier transform states:

Thus, a spatial shift of                      of an image,

i.e.               shifted to                                 )         

only produces a change in the phase of the Fourier components:
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Dense Optical Flow

The change in phase corresponds to a rotation of the Fourier phasors

The angle of rotation is determined by both

• the velocity 

• the spatial frequency
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Dense Optical Flow

• To estimate the velocity of an image translating with constant velocity

we just need to identify the phase shift

• Noting that 

• Hence:

Phase of shifted image at time 

Phase of image at time t
Rotation
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Dense Optical Flow

• Rearranging:

• Treat this as a Hough transform defined on      and      :

– For each spatial frequency  

• Determine phase                         for image acquired at time t

• Determine phase                               for image acquired at time

• For all values of       , compute        (knowing                                                                )

– Increment the Hough accumulator for that         and  

– Local maxima in this Hough correspond to the required velocity
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Dense Optical Flow

• Note that

is degenerate when

• In that case,  use an alternative re-arrangement
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Dense Optical Flow
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Dense Optical Flow

Apply the technique

– on a local, windowed, 
apodized basis

– to compute the velocity of 
that window from the phase 
change
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Dense Optical Flow
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Dense Optical Flow
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Dense Optical Flow
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Dense Optical Flow
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Dense Optical Flow
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Dense Optical Flow
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Dense Optical Flow
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Dense Optical Flow
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Dense Optical Flow
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Dense Optical Flow

Two velocities 
because the window
is over an occluding 
boundary
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Otte and Nagel’s 
Benchmark Sequence
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Otte and Nagel’s 
Benchmark Sequence
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Otte and Nagel’s 
Benchmark Sequence
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Otte and Nagel’s 
Benchmark Sequence
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Ground Truth optical 
flow field for Otte and 
Nagel’s Benchmark 
Sequence
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Computed optical flow 
field for Otte and 
Nagel’s Benchmark 
Sequence 

Windowing function 
50% weighting at 
3w/8 pixels from 
centre
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Computed optical flow 
field for Otte and 
Nagel’s Benchmark 
Sequence 

Windowing function 
50% weighting at 
2w/8 pixels from 
centre
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Computed optical flow 
field for Otte and 
Nagel’s Benchmark 
Sequence 

Windowing function 
50% weighting at 
w/8 pixels from centre



Applied Computer Vision 58 Carnegie Mellon University Africa

Ground Truth flow 
magnitude for Otte and 
Nagel’s Benchmark 
Sequence
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Computed 
flow magnitude for Otte
and Nagel’s Benchmark 
Sequence 

Windowing function 
50% weighting at 
3w/8 pixels from 
centre
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Computed 
flow magnitude for Otte
and Nagel’s Benchmark 
Sequence 

Windowing function 
50% weighting at 
2w/8 pixels from 
centre
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Computed 
flow magnitude for Otte
and Nagel’s Benchmark 
Sequence 

Windowing function 
50% weighting at 
w/8 pixels from centre
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Ground Truth flow 
direction for Otte and 
Nagel’s Benchmark 
Sequence
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Computed 
flow direction for Otte
and Nagel’s Benchmark 
Sequence 

Windowing function 
50% weighting at 
3w/8 pixels from 
centre
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Computed 
flow direction   for Otte
and Nagel’s Benchmark 
Sequence 

Windowing function 
50% weighting at 
2w/8 pixels from 
centre
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Computed 
flow direction for Otte
and Nagel’s Benchmark 
Sequence 

Windowing function 
50% weighting at 
w/8 pixels from centre
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Nagel Error Measure 

Windowing function 
50% weighting at 
3w/8 pixels from 
centre
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Nagel Error Measure 

Windowing function 
50% weighting at 
2w/8 pixels from 
centre
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Nagel Error Measure 

Windowing function 
50% weighting at 
w/8 pixels from centre
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Fleet Error Measure 

Windowing function 
50% weighting at 
3w/8 pixels from 
centre
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Fleet Error Measure 

Windowing function 
50% weighting at 
2w/8 pixels from 
centre
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Fleet Error Measure 

Windowing function 
50% weighting at 
w/8 pixels from centre
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Demos

The following code is taken from the trackingMeanShift project 

in the lectures directory of the ACV repository

See:

trackingMeanShift.h

trackingMeanShiftImplementation.cpp

trackingShiftApplication.cpp
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Demos

The following code is taken from the farnebackOpticalFlow project 

in the lectures directory of the ACV repository

See:

farnebackOpticalFlow.h

farnebackOpticalFlowImplementation.cpp

farnebackOpticalFlowApplication.cpp
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Demos

The following code is taken from the lucasKanadeOpticalFlow project 

in the lectures directory of the ACV repository

See:

lucasKanadeOpticalFlow.h

lucasKanadeOpticalFlowImplementation.cpp

lucasKanadeOpticalFlowApplication.cpp
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Reading

R. Szeliski, Computer Vision: Algorithms and Applications, Springer, 2010.

Section 8.4 Optical flow


