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Appendix (A) – Lucas Kanade Optical Flow Estimation

 

 

The Lucas-Kanade method tries to calculate the motion between two imag

which are taken at times t and t + 

differential since they are based on local Taylor series approximations of the image 

signal, that is: they use partial derivatives with respect to the spatial 

coordinates. As a pixel at location (x, y,

moved by δx, δy, δz and δ

equation can be given: 

I(x,y,z,t) = I(x + δx,y + δy

 

Assuming the movement to be small enough, the image constraint at I(x,y,z,t) with 

Taylor series can be developed to get:

where H.O.T. means higher order terms, which are small enough to be ignored. From 

these equations it follows that:

Or 

which result in  

where Vx,Vy,Vz are the x,y

and , , and are the derivatives of the image at 

corresponding directions. 

following. 
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Lucas Kanade Optical Flow Estimation

Kanade method tries to calculate the motion between two imag

which are taken at times t and t + δt at every pixel position. These methods are called 

differential since they are based on local Taylor series approximations of the image 

signal, that is: they use partial derivatives with respect to the spatial and temporal 

coordinates. As a pixel at location (x, y, z, t) with intensity I(x, y, z, t) will have 

δt between the two frames, following image constraint 

y,z + δz,t + δt) 

the movement to be small enough, the image constraint at I(x,y,z,t) with 

Taylor series can be developed to get: 

where H.O.T. means higher order terms, which are small enough to be ignored. From 

these equations it follows that: 

 

 

 

y and z components of the velocity or optical flow of 

are the derivatives of the image at (x,y,z,t) in the 

corresponding directions. Ix,Iy, Iz and It can be written for the derivatives in the 

Lucas Kanade Optical Flow Estimation 

Kanade method tries to calculate the motion between two image frames 

t at every pixel position. These methods are called 

differential since they are based on local Taylor series approximations of the image 

and temporal 

z, t) will have 

t between the two frames, following image constraint 

the movement to be small enough, the image constraint at I(x,y,z,t) with 

 

where H.O.T. means higher order terms, which are small enough to be ignored. From 

components of the velocity or optical flow of I(x,y,z,t) 

can be written for the derivatives in the 



 

 

Thus 

IxVx + IyVy + IzVz = 

or 

This is an equation in three unknowns and cannot be solved as such. This is known as 

the aperture problem the optical flow algorithms. To find the optical flow another set 

of equations is needed, given by some additional constraint. The solution as given by 

Lucas and Kanade is a non

Assuming that the flow (V

with m > 1

as 1...n, a set of equations can be found:

 

With this there are more than three equations for the three unknowns and thus the 

system is over-determined. Hence:

or 

 

To solve the over-determined system of equations, the 

the Lucas-Kanade optical flow estimation:

or  
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= − It  

 

This is an equation in three unknowns and cannot be solved as such. This is known as 

the optical flow algorithms. To find the optical flow another set 

of equations is needed, given by some additional constraint. The solution as given by 

Lucas and Kanade is a non-iterative method which assumes a locally constant flow.

Vx,Vy,Vz) is constant in a small window of size 

> 1, which is centered at voxel x,y,z and numbering the pixels 

, a set of equations can be found: 

 

 

 

With this there are more than three equations for the three unknowns and thus the 

determined. Hence: 

 

determined system of equations, the least square method is used in 

Kanade optical flow estimation: 

 

This is an equation in three unknowns and cannot be solved as such. This is known as 

the optical flow algorithms. To find the optical flow another set 

of equations is needed, given by some additional constraint. The solution as given by 

iterative method which assumes a locally constant flow. 

and numbering the pixels 

With this there are more than three equations for the three unknowns and thus the 

ethod is used in 



 

 

or 

with the sums running from i=1 to n.

This means that the optical flow can b

image in all four dimensions. A weighting function 

should be added to give more prominence to the center pixel of 

the window. Gaussian functions are preferred for this purpose. Other functions 

weighting schemes are possible. Besides for computing local translations, the flow 

model can also be extended to affine image deformations.

Figure 15 Image Pyramid 

Pyramidal implementation

iterative manner, in such a way that the spatial derivatives are fir

coarse scale and iterative updates are then computed at successively finer scales.

solution provided for aperture problem in Lucas

small window sizes (to assumes a locally constant flow

handle large motions, it is intui

Therefore there is tradeoff 
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with the sums running from i=1 to n. 

This means that the optical flow can be found by calculating the derivatives of the 

image in all four dimensions. A weighting function W(i, j,k), with 

should be added to give more prominence to the center pixel of 

the window. Gaussian functions are preferred for this purpose. Other functions 

weighting schemes are possible. Besides for computing local translations, the flow 

model can also be extended to affine image deformations.

 

yramidal implementation of Lucas-Kanade method is carried out in a coarse

iterative manner, in such a way that the spatial derivatives are first computed at a 

and iterative updates are then computed at successively finer scales.

solution provided for aperture problem in Lucas-Kanade method is valid only for 

assumes a locally constant flow) as stated above. I

handle large motions, it is intuitively preferable to pick a large window size. 

Therefore there is tradeoff between accuracy and selecting larger window si

 

e found by calculating the derivatives of the 

should be added to give more prominence to the center pixel of 

the window. Gaussian functions are preferred for this purpose. Other functions or 

weighting schemes are possible. Besides for computing local translations, the flow 

in a coarse-to-fine 

st computed at a 

and iterative updates are then computed at successively finer scales. The 

valid only for 

) as stated above. In order to 

vely preferable to pick a large window size. 

nd selecting larger window size to 
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support large motions. Pyramidal Lucas-Kanade algorithm provide a solution by 

maintaining small window size in each stage of iteration but provide the capability to 

tracking larger motions accurately. 

More of the content for this section is based on [12][13]. 
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Appendix (B) – Contents of the CD-ROM 

 

 

 

File or Directory Description 

/Index.html A file describes about the contents of the CD. 

/sources/ Source Codes 

/Thesis/ This thesis and related references. 

/Presentation slides/ Presentation slides used for the final viva exam 

/electronic material/ Various electronic materials used for the 

research work.  

 

 


