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Abstract—Motion estimation, features detection and
objects tracking are important fields in Computer Vision. Moreover these three fields are linked. Indeed, to
perform motion estimation, features tracking are used.
Hence,detection of good features is crucial. In this paper,
we present an iterative registration technique allowing to
estimate motion. Then, we present a combined corner
and edge detector allowing to find features. Finally, we
introduce a fast features tracking method using the last
two methods.

I. I NTRODUCTION
In Computer Vision, motion estimation, features detection and objects tracking are main fields studied.
Basically features detection can be used to track these
features and estimate motion. Several methods allowing
features detection exists. Scale Invariant Feature Transform (SIFT) [1], Speeded Up Robust Features (SURF)
[2] or Harris Corners detectors [3] are different methods
using to detect features and to estimate motion estimation. For instance, Ocean System Laboratory used Lucas
Kanade Optical Flow with Harris corners detection to
estimate the motion of Nessie III (Autonomous Underwater Vehicle) [4]. In this paper, we study the different
methods used to perform the tracking of feature and
motion estimation of this AUV. The paper is organized
as follow: Section 2 presents the Lucas Kanade Optical
Flow [5]. In section 3, we present the Harris Corners
Detector [3]. Section 4 introduces a method using Lucas
Kanade algorithm and Harris Corners detector to track
features and estimate motion between several images. A
conclusion is given in the last section.

A. Theory
In this section, we will present briefly what the Lucas
and Kanade approach [5]. The goal of this method is
to estimate a motion between two images at t and
t + 1. More precisely, the algorithm allows to find the
translation vector between two images. The function
representing this transformation can be formalised as:
G(x) = F (x + V~ )

~ represents the translation vector. The iteration
where V
allowing to find V~ is:
V~0 = 0
P
w(x)F ′ (x + V~k )[G(x) − F (x + V~k )]
x
~
~
Vk+1 = Vk +
(2)
P
w(x)F ′ (x + V~k )2
x

This part represented the iterative algorithm of Lucas
Kanade [5]. Lucas and Kanade introduced a hierarchical
smoothing of the images. This manipulation improve the
~ [5]. In fact, we
range of convergence of the parameter V
apply the previous iteration to different level. Each level
corresponds to a different level of smoothing.
B. Experimentation
In this section, we present the results of the simple
iterative algorithm and the hierarchical algorithm.
1) Iterative Algorithm: This algorithm is implemented in the file LucasKanadeOne.m. The input parameters are:
•
•

II. L UCAS K ANADE O PTICAL F LOW
In this section, we will present the Lucas Kanade
Optical Flow [5]. Firstly, we will present theoretical
aspects of the Lucas Kanade algorithm. Secondly, we
introduce experimentations of two different algorithms.
We will present the performance of the both algorithms.

(1)

•

Image at t
Image at t + 1
Size of the smoothing window

The size of the smoothing window defined the size of the
neighbourhood. The different derivatives are computed
on this window. We apply this algorithm on two different
pictures. To the difference of input parameters on the
output, we apply different value of translation.
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Translated Image with Tx = 2 and Ty = 2

Original Image
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(b) Results Lucas Kanade Algorithm
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(b) Results Lucas Kanade Algorithm
Figure 2.

Lucas Kanade for a translation of 2 pixels
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Fig 1(c).
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b) Translation Vx and Vy = 2 pixelx: We try the
algorithm for a translation of Vx and Vy of 2 pixel. The
size of the window was 16 pixels. The results are showed
in the figure Fig 2. The figure Fig 2(b) shows that the
result are not corrects. All vectors don’t converge in the
same direction 2(b). To obtain a correct result we need to
increase the size of the window at 64 pixels. The result
is showed in the figure Fig 3
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c) Conclusion: We can conclude that this algorithm
is working only for little translation. If the value of the
translation is bigger than 1 pixel, LucasKanadeOne.m
algorithm doesn’t give right results. The size of the
window must be very large. The second algorithm allows
to perform optical flow on bigger displacement with a
little smoothing window.

(c) Results Lucas Kanade Algorithm with zoom in
Figure 1.

Lucas Kanade for a translation of 1 pixel

a) Translation Vx and Vy = 1 pixel: We try the
algorithm for a translation of Vx and Vy of 1 pixel.
The size of the window was 2 pixels. The results are
showed in figure Fig 1. We can see on the figure Fig
1(b) that the result is correct. However we can see some
regions where the vectors are wrong. These regions are
representative of a big variation of intensity. Basically all
vectors converge in the same direction like in the figure

2) Hierarchical Algorithm: This algorithm is implemented in the file HierarchicalLK.m. The input parameters are:
•
•
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Lucas Kanade for a translation of 2 pixels
(a) Original and translate images

•
•
•

Size of the smoothing window
The number of level of smoothing
The number of iteration for each levels
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The size of the smoothing window defined the size of the
neighbourhood. The different derivatives are computed
on this window. Lucas and Kanade introduce the fact
that we can improve the range of convergence of the V~
[5]. To process, we can remove high spatial frequency of
the image so to apply a smooth on the image [5]. In this
section we take the example of the previous part where
the result was not correct and we will present the result
of this new algorithm.
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(b) Results Lucas Kanade Algorithm

a) Translation Vx and Vy = 2 pixelx: We try the
algorithm for a translation of Vx and Vy of 2 pixel. The
size of the window was 4 pixels. We choose a number of
iteration and level equal to 3. The results are showed in
the figure Fig 4. We can see on the figure Fig. 4(b) that
with a window very small we obtain a good result. This
algorithm can perform with every sort of translation.
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III. H ARRIS C ORNERS D ETECTOR
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In this section, we will present the Harris Corners
detector [3]. Firstly, we will present theoretical aspects
of this detector. Secondly, we introduce experimentation
of this algorithm.
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(c) Results Lucas Kanade Algorithm with zoom in
Figure 4.

A. Theory
The step to detect corners presented by Harris and
Stephen are [3]:
Step 1: Compute Ix and Iy
3

Lucas Kanade for a translation of 2 pixel

Figure 5.

Harris corner detector with basic parameter

Figure 6.

Harris corner detector for σ = 3

Figure 7.

Harris corner detector for TR = 50

Step 2: Compute Ix2 , Ix Iy and Iy2
Step 3: Compute M matrix:
 2

Ix
Ix Iy
M=
Ix Iy
Iy2
Step 4: Compute λ1 and λ2 that are the eigenvalues of
M.
Step 5: Compute R = Det(M )k(T race(M ))2 .
R indicates if we detect a corner. Basically a corner
corresponds to a large value of R.

3) Threshold TR influence: The threshold TR is used
to see the difference between a corner and an edge. We
put TR = 50 to see if we can find edges and corners. We
can see the detection on the figure Fig 7 We can see that
the number of details increase because we detect edge
and corners.

B. Experimentation
This algorithm is implemented in the file harrisC.m.
The input parameters are:
•
•
•
•

Input Image
Standard deviation of smoothing Gaussian
Threshold for the value R
Radius to limited the number of point in one region

4) Radius Rad influence: The radius Rad allow to
limited the number of corner in one region. We put
Rad = 35 to see if the number of corner dicrease. We
can see the detection on the figure Fig 8 We can see
that the number of details dicrease because we limited
the numbers of corners in each region.

We proposed to fix each parameter to a standard value
and to change parameter one by one to see the difference.
1) Initial parameter: We detect the corners with:
•
•
•

σ=1
TR = 1000
Rad = 10

IV. T RACKING

AND

M OTION E STIMATION

In this section, we will present a combination between
Lucas Kanade algorithm and Harris Corners detector
to track features and estimate motion between several
images. Firstly, we will present how we perform to
combine both methods. Secondly, we will introduce
experimentations on two different image sequences.

The figure Fig 5.
2) σ influence: The parameter σ is used to smooth the
image. We put σ = 3 to have smooth more the image.
We can see the detection on the figure Fig 6 The number
of detection dicrease because the we lost the details.
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Figure 8.

Harris corner detector for Rad = 35

A. Combination of Lucas Kanade algorithm and Harris
Corners detector
In this part, we will present first the method that we
use to track features and in a second part we introduce
the result of this method.
1) Method: The principle of this technique is to mix
the two previous techniques. The different step are: Step
1: Detect corners on the image at t. Step 2: Apply Lucas
Kanade algorithm for each corner between the image at
~ and
t and t + 1. Step 3: Update the translation vector V
increment time. Go to the step 2. The code regarding
this function is in Appendix.
2) Experimentation:
a) Simple Translation: We apply this algorithm on
translate image. We can see that on figure 9 and 10 that
we track some features after translate the image.
b) Video Sequence: We apply this algorithm on
video sequence. We can see on this example that we
arrive to track features on video sequence.
V. C ONCUSION
Algorithms proposed in this paper allow to track
features and can allow to estimate motion. We introduced first Lucas Kanade algorithm allowing to compute
optical flow between two image. Then we proposed
to described the Harris Corners Detector. Finally we
combined the two previous method to track features on
a video sequence.
R EFERENCES
[1] D. G. Lowe, “Distinctive image features from scale-invariant
keypoints,” Int. J. Comput. Vision, vol. 60, no. 2, pp. 91–110,
2004.
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Figure 9.

Image at t
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Figure 10.

Image at t+1
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Figure 11.

Image at t
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Figure 12.

Image at t+1
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Figure 13.

Image at t+2
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Figure 14.

Image at t+3
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Figure 15.

Image at t+4
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Figure 16.

Image at t+5
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Figure 17.

Image at t+6
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Figure 18.

Image at t+7
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Figure 19.

Image at t+8
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Figure 20.

Image at t+9
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A PPENDIX A
C ODE
A. Code to track on video sequence
%Motion estimation and tracking
close all;
clear all;
clc;
%Parameter
nb_images = 10;
%Read image and convert in graye
im{1} = rgb2gray(imread('urban\video_0020.bmp'));
im{2} = rgb2gray(imread('urban\video_0021.bmp'));
im{3} = rgb2gray(imread('urban\video_0022.bmp'));
im{4} = rgb2gray(imread('urban\video_0023.bmp'));
im{5} = rgb2gray(imread('urban\video_0024.bmp'));
im{6} = rgb2gray(imread('urban\video_0025.bmp'));
im{7} = rgb2gray(imread('urban\video_0026.bmp'));
im{8} = rgb2gray(imread('urban\video_0027.bmp'));
im{9} = rgb2gray(imread('urban\video_0028.bmp'));
im{10} = rgb2gray(imread('urban\video_0029.bmp'));
%Detection corners on the first image
[cim, cimdata, r, c] = harrisC('urban\video_0020.bmp',1,1000,35,1);
%Preallocate
u=zeros(size(r));
v=zeros(size(r));
display = ones(size(r));
%For each image, we will track the corners features
for n_im = 2:nb_images
%For each corner we compute the Lucas Kanade Optical Flow
for k = 1:length(r)
[u(k) v(k) display(k)]=KLT(im{n_im-1},im{n_im},r(k),c(k),4);
c(k) = u(k) + c(k);
r(k) = v(k) + r(k);
end
hold off;
figure;
imshow(im{n_im}+40);
for i = 1:length(r)
if (display(i))
hold on;
plot(c(i),r(i),'r+');
end
end
disp('Press me');
pause;
end

B. Code to track features on two images
%Motion estimation and tracking
close all;
clear all;
clc;
%Parameter
nb_images = 2;
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%Read image and convert in graye
im{1} = imread('scene1.png');
se = translate(strel(1), [0 10]);
im{2} = imdilate(im{1}, se);
%Detection corners on the first image
[cim, cimdata, r, c] = harrisC('scene1.png',1,1000,35,1);
%Preallocate
u=zeros(size(r));
v=zeros(size(r));
display = ones(size(r));
%For each image, we will track the corners features
for n_im = 2:nb_images
%For each corner we compute the Lucas Kanade Optical Flow
for k = 1:length(r)
[u(k) v(k) display(k)]=KLT(im{n_im-1},im{n_im},r(k),c(k),4);
c(k) = u(k) + c(k);
r(k) = v(k) + r(k);
end
hold off;
figure;
imshow(im{n_im}+40);
for i = 1:length(r)
if (display(i))
hold on;
plot(c(i),r(i),'r+');
end
end
disp('Press any key!!');
pause;
end

C. Lucas Kanade Algorithm modified
function [u, v,limit] = KLT(im1, im2, wincx,wincy,windowSize)
%LucasKanade

lucas kanade algorithm, without pyramids (only 1 level);

%REVISION: NaN vals are replaced by zeros
u=0;
v=0;
index=50;
limit = 1;
halfWindow = floor(windowSize/2);
for k=1:index
%Tranlate the image with the previous translation vector find by iteration
se=translate(strel(1),[-v -u]);
im2trans=imdilate(im2,se);
%Compute derivatives
[fx, fy, ft] = ComputeDerivatives(im1, im2trans);
%Check if the corner
if (wincx-halfWindow
limit = 0;
break;
end
if (wincy-halfWindow
limit = 0;
break;
end
if (wincx+halfWindow

is still on the boundary of the image
< 1 )

< 1 )

> size(im1,1))
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limit = 0;
break;
end
if (wincy+halfWindow > size(im1,2))
limit = 0;
break;
end
curFx = fx(wincx-halfWindow:wincx+halfWindow, wincy-halfWindow:wincy+halfWindow);
curFy = fy(wincx-halfWindow:wincx+halfWindow, wincy-halfWindow:wincy+halfWindow);
curFt = ft(wincx-halfWindow:wincx+halfWindow, wincy-halfWindow:wincy+halfWindow);

curFx = curFx';
curFy = curFy';
curFt = curFt';

curFx = curFx(:);
curFy = curFy(:);
curFt = -curFt(:);
A = [curFx curFy];
U = pinv(A'*A)*A'*curFt;
%Test if we finish to converge
if (round(U(1))==0)&&(round(U(2))==0)
break;
end
u=u+round(U(1));
v=v+round(U(2));
end
u(isnan(u))=0;
v(isnan(v))=0;
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%
function [fx, fy, ft] = ComputeDerivatives(im1, im2)
%ComputeDerivatives Compute horizontal, vertical and time derivative
%
between two gray-level images.
if (size(im1,1) 6= size(im2,1)) | (size(im1,2) 6= size(im2,2))
error('input images are not the same size');
end;
if (size(im1,3)6=1) | (size(im2,3)6=1)
error('method only works for gray-level images');
end;
d_im1=double(im1); d_im2=double(im2);
fx = conv2(d_im1,0.25* [-1 1; -1 1]) + conv2(d_im2, 0.25*[-1 1; -1 1]);
fy = conv2(d_im1, 0.25*[-1 -1; 1 1]) + conv2(d_im2, 0.25*[-1 -1; 1 1]);
ft = conv2(d_im1, 0.25*ones(2)) + conv2(d_im2, -0.25*ones(2));
% make same size as input
fx=fx(1:size(fx,1)-1, 1:size(fx,2)-1);
fy=fy(1:size(fy,1)-1, 1:size(fy,2)-1);
ft=ft(1:size(ft,1)-1, 1:size(ft,2)-1);
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