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Chapter 1

In tro duction

Most models employed for recursive scenecomputation (such as those in [7], [8], [9], [10] and
[11]) usecorrespondencesover two consecutive frames and model them in terms of the motion
parameters between the two frames. If one considerscorrespondencesover three consecutive
frames, one can come up with a much more robust model for scenecomputation. The better
quality for estimation can be attributed to the fact that we have a larger data set to estimate a
particular parameter. One method of doing so is by using tri focal tensors for estimation since
the tri focal tensors help establish a relationship between correspondencesover three scenes.
The object of this project is to develop a model for recursive estimation of tri-fo cal tensorsover
frames that would give rise to a very robust model for scenecomputation. A linear predictive
model is aimed at in order to employ the Kalman �lter.
The report is organisedas follows: Chapter 2 dealswith a brief introduction to tri focal tensors
and the mathematics that would be required in developing the model for recursive estimation
of tri focal tensors. Chapter 3 deals with the formulation of the model. Chapter 4 deals with
the results obtained on simulating the model. Chapter 5 dealswith concluding remarks about
the project and chapter 6 dealswith improvements that can be explored in the future.
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Chapter 2

Tri focal tensors: An in tro duction

As discussedin [1] the tri-fo cal tensor plays an analogousrole in three views to the fundamental
matrix in two views. It helps establish incidence relations between three di�eren t views of a
particular scene. In our project we are dealing with point correspondencesin each frame as
depicted in the �gure below:

Figure 2.1: point-point-point correspondence

If a 3D point X projects to points x = (x,y,1), x 0 = (x0,y0,1) and x00= (x00,y00,1) respectively
in the three di�eren t frames as shown in �gure 2.1 then the tri focal tensor T can be used to
expressthe incidencerelationship for thesepoints as

x i (x0j � j pr )(x00k � kqs)T
pq
i = 0r s i; j; k; p;q; r; s = 1; 2; 3 (2.1)

where

� ij k =

8
>><

>>:

0 unlessi,j and k are distinct
+1 if ijk is an even permutation of 123
� 1 if ijk is an odd permutation of 123

(2.2)
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From equation (2.1) one notices that we can get 9 di�eren t equations or triline arities, however
only 4 out of thesetrilinearities are linearly independent. Hencefor every given point correspon-
denceover 3 frames it is possibleto get a set of 4 independent trilinearites. Thesetrilinearities
can be written as follows:

x[x'x" T 33
1 � x00T 13

1 � x0T 31
1 + T 11

1 + y[x0x00T 33
2 � x00T 13

2 � x0T 31
2 + T 11

2

+[x'x" T 33
3 � x00T 13

3 � x0T 31
3 + T 11

3 = 0 (2:3)

x[x'y" T 33
1 � y00T 13

1 � x0T 32
1 + T 12

1 + y[x0y00T 33
2 � y00T 13

2 � x0T 32
2 + T 12

2

+[x'y" T 33
3 � y00T 13

3 � x0T 32
3 + T 12

3 = 0 (2:4)

x[y'x" T 33
1 � x00T 23

1 � y0T 31
1 + T 21

1 + y[y0x00T 33
2 � x00T 23

2 � y0T 31
2 + T 21

2

+[y'x" T 33
3 � x00T 23

3 � y0T 31
3 + T 21

3 = 0 (2:5)

x[y'y" T 33
1 � y00T 23

1 � y0T 32
1 + T 22

1 + y[y0y00T 33
2 � y00T 23

2 � y0T 32
2 + T 22

2

+[y'x" T 33
3 � y00T 23

3 � y0T 32
3 + T 22

3 = 0 (2:6)

Now it has beenshown in [1],[3] and[4] that the tri focal tensor can be calculated upto a scale
factor, hence we assumethe term T 33

3 to be equal to 1. Since the tri focal has 27 elements
this scaling reducesthe number of unknown elements in the tri focal tensor to 26. The fact
that every point correspondenceover 3 scenesgivesrise to 4 independent equationsimplies that
we would require at least 7 point correspondencesto calculate the tri focal tensor to the chose
scale. Thus if we are given 7 point correspondenceswith no four of them being coplanar we can
evaluate the tri focal tensor to the required scalefactor.
We thus use the following method for evaluating the tri focal tensor from 7 given point corre-
spondencesover 3 scenes.In the equations (2.3), (2.4), (2.5) and (2.6) we substitute the value
for T 33

3 as 1 and can form 28 equations for the given 7 points as

C1T = C2 (2.7)

where the above is formed by rearranging equations (2.3), (2.4), (2.5) and (2.6). C2 is a 28� 1
vector that contains the negative of the coe�cien ts of T 33

3 . T is a 28� 1 vector that contains all
the elements of the tri focal tensor T except for T 33

3 . C1 is the coe�cien t matrix obtained from
equations (2.3),(2.4),(2.5) and (2.6).
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Chapter 3

Mo del for recursiv e estimation of tri
focal tensors

As stated earlier we intend to usethe Kalman �lter for recursive estimation of tri focal tensors.
We shall �rst look at the mathematical model of the Kalman �lter discussedin [2] that is to be
usedfor the estimation process.Later we shall discussthe method for evaluating the parameters
of this mathematical model for estimating tri focal tensors.

3.1 Kalman �ltering

The operation of the Kalman �lter can be consideredas a predictor. Let us consider that the
current time of measurement is t. The noisy measurement being made at time t is denoted by
y(t) and the corresponding actual state is denoted by x(t). At time t we receive the previous
�ltered estimate x̂(t � 1jt � 1) and the covariance ~P. We now need to get the best possible
estimate of the state x(t) using the previous t-1 data samples.

We can refer to the �rst phaseof the algorithm as the prediction phase of the algorithm.
Oncethe prediction is madewe obtain the estimate ~x(tjt � 1) and the associated error covariance
~P(tjt � 1). After we have madethesepredictions we calculate the error covarianceRe(t) and the
Kalman gain K( t). When we obtain the measurement y(t) at time t we determine the innovation
e(t). After this we enter the phasethat can be termed as the correction phaseof the algorithm.
In the correction stage, we correct the state basedon the new measurement made and this is
called the innovation. The old predicted state ~x(tjt � 1) is usedto form the �ltered or corrected
state estimate ~x(tjt) and ~P(tjt). After this has been done the innovation is weighed by the
Kalman gain K( t) to correct the old state estimate predicted by ~x(tjt � 1). The idea behind this
is that we cannot entirely depend on the measurement or the prediction and hencewe needto
choosea weighted meanbetweenthe two. The whole processinvolves�nding the correct weight
in order to optimize the estimation process. We also correct the associated error covariance.
This processinvolves taking into account the processnoise covariance Rw and measurement
noisecovariance Rv Once this is done the algorithm repeats for time t + 1. The algorithm can
be summarizedas follows:

Prediction:

~x(tjt � 1) = A(t � 1)~x(t � 1jt � 1) + B (t � 1)u(t � 1) = W (t � 1)w(t � 1) (3.1)
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~P(tjt � 1) = A(t � 1) ~P(t � 1jt � 1)A0(t � 1) + W (t � 1)Rw(t � 1)W 0(t � 1) (3.2)

Measurement Model
y(t) = C(t)x(t) + v(t) (3.3)

Innovation
e(t) = y(t) � ~y(tjt � 1) = y(t) � C(t)~x(tjt � 1) (3.4)

Re(t) = C(t) ~P(tjt � 1)C0(t) + Rv(t) (3.5)

Gain
K (t) = ~P(tjt � 1)C0(t)R� 1

e (t) (3.6)

Correction
~x(tjt) = ~x(tjt � 1) + K (t)e(t) (3.7)

~P(tjt) = [I � K (t)C(t)] ~P(tjt � 1) (3.8)

3.2 Calculation of parameters for the Kalman �lter mo del

Let us consider 4 consecutive frames corresponding to the motion of a particular scene,say
F1,F2,F3 and F4. Let the tri focal tensor T 1 and T 2 correspond to the frames (F1; F2; F3)
and (F2; F3; F4) respectively. It can be seenthat both the tri focal tensors T 1 and T 2 have 2
common frames i.e F2 and F3. Hence we would like to exploit this common information and
use it to predict T 2 from T 1. Now we should note that the processof using the Kalman �lter
is equivalent to a minimum squareerror method[2]. This is most e�ectiv e for linear predictive
systemsand hencewe aim at deriving a linear relationship betweenT 2 from T 1.

Let us �rst de�ne certain parameters of the Kalman �lter model in terms of the di�eren t
image frames. At a given time t we have x(t-1) and x(t) are 27 element columns vector repre-
senting the tri focal tensor T 1 and T 2 and y(t) is a 14 element column vector representing the
points in the frame F4 such that

x(t � 1)(l ; 1) = T j k
i l = 9 � (i � 1) + 3 � (j � 1) + k (3.9)

x(t)(m; 1) = T j k
i m = 9 � (i � 1) + 3 � (j � 1) + k (3.10)

y(t) = [ x000
1 y000

1 x000
2 y000

2 x000
3 y000

3 x000
4 y000

4 x000
5 y000

5 x000
6 y000

6 x000
7 y000

7 ]T (3.11)

We have chosenRv = I 27� 27, Rw = I 14� 14 and B (t) = 027� 27: We shall now evaluate the
value of C(t) and A(t). We shall �rst do sofor C(t) and then for A(t), the reasonbeing A(t) can
be calculated under two particular cases,i.e. uniform motion betweenframes and non uniform
motion betweenframes.

To evaluate the value of C(t) we need to derive equations for expressingthe points x 000
i and

y000
i (i=1,2, : : : 7) in terms of the tri focal tensor T 2. We can rewrite equations(2.3), (2.4), (2.5)

and (2.6) as
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[x00x00T33
1 � x0T13

1 + y0x00T33
2 � y0T13

2 + x00T33
3 � T13

3 ]x000= x0x00T31
1 � x0T11

1 + x00y0T31
2 � y0T11

2 + x00T31
3 � T11

3

(3.12)

[x00x00T33
1 � x0T13

1 + y0x00T33
2 � y0T13

2 + x00T33
3 � T13

3 ]y000= x0x00T32
1 � x0T12

1 + x00y0T32
2 � y0T12

2 + x00T32
3 � T12

3

(3.13)

[x00y00T33
1 � x0T23

1 + y0y00T33
2 � y0T23

2 + y00T33
3 � T23

3 ]x000= x0y00T31
1 � x0T21

1 + y00y0T31
2 � y0T21

2 + y00T31
3 � T21

3

(3.14)

[x00y00T33
1 � x0T23

1 + y0y00T33
2 � y0T23

2 + y00T33
3 � T23

3 ]y000= x0y00T32
1 � x0T22

1 + y00y0T32
2 � y0T22

2 + y00T32
3 � T22

3

(3.15)
Now let the co-e�cien ts of x000

i in equation (3.12) and (3.14) be a1
i and a2

i respectively.
Similarly the co-e�cien ts of y000

i in equation (3.13) and (3.15) are a1
i and a2

i respectively. We use
the equation pairs (3.12) and (3.13) or (3.14) and (3.15) to write the relation betweeny(t) and
x(t) in the form

C1 � y(t) = C2 � x(t) (3.16)

where C1 is a 14 � 14 matrix and C2 is a 14 � 27 matrix. Now we needC1 to be invertible
in order to reduceequation (3.16) to the form of (3.3). But from simulation it was noticed that
if C1 is formed using only the equation pair (3.12) and (3.13) or the equation pair (3.14) and
3.15), C1 is not full rank(when noise was not added to the points). In order to eliminate this
problem a value � is chosenbetween 0 and 1 and � 6= 0:5 and we form equations E 1 and E2

such that
E1 : � � (3:12) + (1 � � ) � (3:14) (3.17)

E2 : (1 � � ) � (3:13) + � � (3:15) (3.18)

Weget 2 such equationsfor every point (x000
i ; y000

i ), (i=1,2, : : :,7 ) and wecanusetheseequations
to evaluate C1. C1 is no more rank de�cient. The rank de�ciency is removed in this case
becausefor a given pt (x000

i ; y000
i the coe�cien ts in E1 and E2 are now � � a1

i + (1 � � ) � a2
i and

� � a2
i + (1 � � ) � a1

i respectively. In the initial casethe coe�cien ts were equal and this resulted
in the rank de�ciency. In order to ensurefull rank we make sure that � 6= 0:5. Now that C1 is
full rank we can calculate C(t) by the following relation

C(t) = C � 1
1 C2 (3.19)

We now cometo the evaluation of A( t). Sincethe tri focal tensor is dependent on the relative
motion betweenframes we can consider2 separatecases.The �rst and trivial caseis when the
motion betweenall the frames is the same. In such a casethe tri focal tensor for any given set
of 3 consecutive frameswill be the sameand in this caseA( t) works out to be I 27� 27. We shall
now consider the non trivial casewhere the motion is non uniform betweenthe frames.

In order to predict T 2 from T 1 we need to identify what are the common parameters in
calculating these 2 tensors. The answer to this is the motion parameters between the frames

7



F2 and F3. We thus try to expressthese2 tensors in terms of the motion parametersbetween
F2 and F3 and consequentially relate them. Before we do so let us de�ne certain parametersor
variables that we shall use in the deduction of the above mentioned expressions.

Let the rotation matrices (of order 3� 3) betweenthe frames(F1, F2), (F2, F3) and (F3, F4)
be � , � and 
 respectively. Similarly the translation matrices between the above frame pairs
are t1, t2 and t3 respectively. We can thus expressT 1 and T 1 in terms of � and t2 as follows.
(let T 1 and T 1 be represented by L and M respectively)

L 11
i = (� 1i t12 � � 2i t11)� 12 + (� 1i t13 � � 3i t11)� 13+ � 1i t21 (3.20)

L 12
i = (� 1i t12 � � 2i t11)� 22 + (� 1i t13 � � 3i t11)� 23+ � 1i t22 (3.21)

L 13
i = (� 1i t12 � � 2i t11)� 32 + (� 1i t13 � � 3i t11)� 33+ � 1i t23 (3.22)

L 21
i = (� 2i t11 � � 1i t12)� 11 + (� 2i t13 � � 3i t12)� 13+ � 2i t21 (3.23)

L 22
i = (� 2i t11 � � 1i t12)� 21 + (� 2i t13 � � 3i t12)� 23+ � 2i t22 (3.24)

L 23
i = (� 2i t11 � � 1i t12)� 31 + (� 2i t13 � � 3i t12)� 33+ � 2i t23 (3.25)

L 31
i = (� 3i t11 � � 1i t13)� 11 + (� 3i t12 � � 2i t13)� 12+ � 3i t21 (3.26)

L 32
i = (� 3i t11 � � 1i t13)� 21 + (� 3i t12 � � 2i t13)� 22+ � 3i t22 (3.27)

L 3i
i = (� 3i t11 � � 1i t13)� 31 + (� 3i t12 � � 2i t13)� 32+ � 3i t23 (3.28)

i = 1; 2; 3

M 11
i = +( 
 12t22 + 
 13t23 + t31)� 1i � 
 21t21� 2i � 
 13t21� 3i (3.29)

M 12
i = +( 
 22t22 + 
 23t23 + t32)� 1i � 
 22t22� 2i � 
 23t21� 3i (3.30)

M 13
i = +( 
 32t22 + 
 33t23 + t33)� 1i � 
 31t23� 2i � 
 33t21� 3i (3.31)

M 21
i = � 
 11t22� 1i + (
 11t21 + 
 13t23 + t31)� 2i � 
 13t22� 3i (3.32)

M 22
i = � 
 21t22� 1i + (
 21t21 + 
 23t23 + t32)� 2i � 
 23t22� 3i (3.33)

M 23
i = � 
 31t22� 1i + (
 31t21 + 
 33t23 + t33)� 2i � 
 33t22� 3i (3.34)

M 31
i = � 
 1i t23� 1i � 
 12t23� 2i + (
 11t21 + 
 12t22 + t31)� 3i (3.35)

M 32
i = � 
 2i t23� 1i � 
 22t23� 2i + (
 21t21 + 
 22t22 + t32)� 3i (3.36)

M 33
i = � 
 3i t23� 1i � 
 32t23� 2i + (
 31t21 + 
 32t22 + t33)� 3i (3.37)

i = 1; 2; 3

Now using the above equationswe can formulate an equation of the type of equation (3.38 )
by eliminating � and t2. Now A1 is invertible and hencewe can get T 2 in terms of T 1 as shown
in the equation. Now it can be seenthat there are many ways of expressingT 2 in terms of the
parametersof � and t2. We chooseA2 in such a way that the coe�cien ts of t21, t22 and t23 are
0. The justi�cation for this step has beengiven later.
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T 1 = A1 � X motion T 2 = A2 � X motion =) A(t) = A2 � A � 1
1

where X motion =

2

6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
4

� 11

� 12

� 13

� 21

� 22

� 23

� 31

� 32

� 33

t21

t22

t23

3

7
7
7
7
7
7
7
7
7
7
7
7
7
7
7
7
7
7
7
7
7
7
7
7
7
5

(3.38)

With this wehave laid down methods for evaluation the parametersusedin the mathematical
model de�ned for the Kalman �lter. W(T) is taken asI 27� 27. It should benoted that the motion
parametersusedin estimating the tensor have beenassumedto have beengiven. In practice it
might be possibleto retrieve the motion parametersbut the translation can only be calculated
to a scale[6].This is a reasonfor setting the co-e�cien ts of t21, t22 and t23 to 0 becausethey can
be calculated only to a particular scale. The rotation betweenframeshowever can be calculated
accurately. Thus the current model for estimating the tri focal tensorsassumesthat the motion
parametersare known to the userand methods for accurately calculating theseparametersfrom
the image framesmay be explored later.
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Chapter 4

Results

4.1 Details about the program code

A code was written in MATLAB implementing the model developed in the previous chapter,
for the recursive estimation of tri focal tensors. The code assumesthat the motion can be non
uniform between certain frames, however the degreeof non uniform motion is restricted to a
certain level, i.e linearly varying rotational and translational acceleration . The code asks the
user to enter

� The axis of rotation around which the scenerotates

� The initial rotational velocity of the scene:� 0

� The changein � 0 per frame: � v

� The changein � v per frame: � a

� The initial translation velocity of the scene: T0

� The changein T0 per frame: Tv

� The changein Tv per frame: Ta

Once the above parametersare generatedthe program generates7 random points in 3D space
and generatesfurther frames(the number is also inputted from the user) from this set of points
by using the motion parametersde�ned by the user. The tri focal tensorsfor consecutive frames
are calculated and then the mathematical model developed in the previous chapter is used
for estimating tri focal tensors. An initial error covariance is assumedfor the tri focal tensor
corresponding to the �rst 3 imageframes. The error covariance is then expressedin terms of the
Frobenius norm of the error covariance matrix. It is expected that the error covariance should
reducewith time (or consecutive framesin this case). Hencewe expect our graphsof "Frobenius
norm of error covariance matrix" vs "frame" to be a graph that falls down, depicting reduction
in error.

4.2 Details about the results of the program

The program was �rst tested for the trivial caseof uniform (i.e. same) motion between all
frames. In this casethe tri focal tensor remained constant over the frames. This was tested in
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the absenceof noise in the scenepoints. The reasonfor doing so is becausein the presenceof
noiseonewould not expect the tensor to remain constant over the consecutive frames. HereA(t)
(refer: eqn(3.1)) wastaken to beI 27� 27. The fact that the tri focal tensor wascorrectly evaluated
waschecked by calculating the motion parametersbetween2 consecutive frames,assumingthat
the motion between the other 2 consecutive frames corresponding to the tensor, are known.
The code was then tested for non uniform motion betweenframes. In this casealso the motion
parameters were correctly evaluated from the tensors thus indicating the correct evaluation of
the tensors. The results of the simulations are at the end of the chapter.

In the uniform casethe error covariance falls and that is as expected. However it is noticed
that for the non uniform casein which T0 parameters are lessthan or equal to 1 the solution
appearsto diverge,while the error reducesin the other cases.This is not expected as the error
is supposed to reduce with the passageof frames. One probable reason for this error is the
calculation of A( t). It is noticed that even when the translation and rotation is constant over
the frames A( t) does not come out to be identit y matrix, though the tensors T 1 and T 2 are
equal with a di�erence in the 15th decimal only. This problem has not beenresolved so far.

4.3 Sample outputs

4.3.1 A(t) = I 27� 27
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Figure 4.1:
(n1; n2; n3) = (0; 1; 0) (� 0; � v ; � a) = ( �

34; 0; 0), (T0; Tv ; Ta) = ([2; 4; 5]T ; [0; 0; 0]T ; [0; 0; 0]T )
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Figure 4.2:
(n1; n2; n3) = (0; 1; 0), (� 0; � v ; � a) = ( �

34; 0; 0), (T0; Tv ; Ta) = ([1; 1; 1]T ; [0; 0; 0]T ; [0; 0; 0]T )
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Figure 4.3:
(n1; n2; n3) = (0; 1; 0), (� 0; � v ; � a) = ( �

34; 0; 0), (T0; Tv ; Ta) = ([0:1; 0:1; 0:1]T ; [0; 0; 0]T ; [0; 0; 0]T )
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4.3.2 A(t) is calculated from the trilinearities
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Figure 4.4:
(n1; n2; n3) = (0; 1; 0) (� 0; � v ; � a) = ( �

34; 0; 0), (T0; Tv ; Ta) = ([2; 4; 5]T ; [0; 0; 0]T ; [0; 0; 0]T )
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Figure 4.5:
(n1; n2; n3) = (0; 1; 0) (� 0; � v ; � a) = ( �

34; 0; 0) (T0; Tv ; Ta) = ([1; 1; 1]T ; [0; 0; 0]T ; [0; 0; 0]T )
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Figure 4.6:
(n1; n2; n3) = (0; 1; 0), (� 0; � v ; � a) = ( �

34; 0; 0), (T0; Tv ; Ta) = ([0:1; 0:1; 0:1]T ; [0; 0; 0]T ; [0; 0; 0]T )
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Figure 4.7:
(n1; n2; n3) = (0; 1; 0), (� 0; � v ; � a) = ( �

34; 0:1; 0), (T0; Tv ; Ta) = ([2; 4; 5]T ; [0; 0; 0]T ; [0; 0; 0]T )
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Figure 4.8:
(n1; n2; n3) = (0; 1; 0), (� 0; � v ; � a) = ( �

34; 0:1; 0), (T0; Tv ; Ta) = ([1; 1; 1]T ; [0; 0; 0]T ; [0; 0; 0]T )
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Figure 4.9:
(n1; n2; n3) = (0; 1; 0),(� 0; � v ; � a) = ( �

34; 0:1; 0)
(T0; Tv ; Ta) = ([0:1; 0:1; 0:1]T ; [0; 0; 0]T ; [0; 0; 0]T )
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Figure 4.10:
(n1; n2; n3) = (0; 1; 0), (� 0; � v ; � a) = ( �

34; 0:1; 0:05), (T0; Tv ; Ta) = ([2; 4; 5]T ; [0; 0; 0]T ; [0; 0; 0]T )
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Figure 4.11:
(n1; n2; n3) = (0; 1; 0), (� 0; � v ; � a) = ( �

34; 0:1; 0:05), (T0; Tv ; Ta) = ([1; 1; 1]T ; [0; 0; 0]T ; [0; 0; 0]T )
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Frame plot of the Frobenius Norm of the error covariance matrix of the tri focal tensor
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Figure 4.12:
(n1; n2; n3) = (0; 1; 0), (� 0; � v ; � a) = ( �

34; 0:1; 0:05)
(T0; Tv ; Ta) = ([0:1; 0:1; 0:1]T ; [0; 0; 0]T ; [0; 0; 0]T )
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Figure 4.13:
(n1; n2; n3) = (0; 1; 0), (� 0; � v ; � a) = ( �

34; 0; 0)
(T0; Tv ; Ta) = ([2; 4; 5]T ; [0:1; 0:1; 0:1]T ; [0; 0; 0]T )
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Figure 4.14:
(n1; n2; n3) = (0; 1; 0), (� 0; � v ; � a) = ( �

34; 0; 0)
(T0; Tv ; Ta) = ([1; 1; 1]T ; [0:1; 0:1; 0:1]T ; [0; 0; 0]T )
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Figure 4.15:
(n1; n2; n3) = (0; 1; 0), (� 0; � v ; � a) = ( �

34; 0; 0)
(T0; Tv ; Ta) = ([0:1; 0:1; 0:1]T ; [0:1; 0:1; 0:1]T ; [0; 0; 0]T )
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Figure 4.16:
(n1; n2; n3) = (0; 1; 0), (� 0; � v ; � a) = ( �

34; 0; 0)
(T0; Tv ; Ta) = ([2; 4; 5]T ; [0:1; 0:3; 0:4]T ; [0:01; 0; 01; 0:01]T )
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Figure 4.17:
(n1; n2; n3) = (0; 1; 0), (� 0; � v ; � a) = ( �

34; 0; 0)
(T0; Tv ; Ta) = ([1; 1; 1]T ; [0:1; 0:3; 0:4]T ; [0:01; 0:01; 0:01]T )
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Figure 4.18:
(n1; n2; n3) = (0; 1; 0), (� 0; � v ; � a) = ( �

34; 0; 0)
(T0; Tv ; Ta) = ([0:1; 0:1; 0:1]T ; [0:1; 0:3; 0:4]T ; [0:01; 0:01; 0:01]T )
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Figure 4.19:
(n1; n2; n3) = (0; 1; 0), (� 0; � v ; � a) = ( �

34; 0:1; 0:05)
(T0; Tv ; Ta) = ([2; 4; 5]T ; [0:1; 0:3; 0:4]T ; [0:01; 0; 01; 0:01]T )
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Figure 4.20:
(n1; n2; n3) = (0; 1; 0), (� 0; � v ; � a) = ( �

34; 0:1; 0:05)
(T0; Tv ; Ta) = ([1; 1; 1]T ; [0:1; 0:3; 0:4]T ; [0:01; 0:01; 0:01]T )
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Figure 4.21:
(n1; n2; n3) = (0; 1; 0), (� 0; � v ; � a) = ( �

34; 0:1; 0:05)
(T0; Tv ; Ta) = ([0:1; 0:1; 0:1]T ; [0:1; 0:3; 0:4]T ; [0:01; 0:01; 0:01]T )
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Chapter 5

Conclusion

The results show that model for recursively estimating tri focal tensorsis yet not fully functional
for all the casesand that it is erroneousfor a certain set of inputs. However at the sametime
the error seemsto fall very fast in the other cases. This is a positive result as the very idea
of estimating tri focal tensors was to exploit correspondencesover 3 frames in order to get a
more robust model for scenecomputation. As of now the reconstruction of scenehas not been
done becausethe model is still incomplete. Once the model has been tested and veri�ed for
synthetic imagesthe results can be tried on actual imagesto seeif the estimation of tri focal
tensorsactually doesgive better results than using correspondencesover 2 image frames.
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Chapter 6

Future work

The following are a few suggestionsthat one could keepin mind while developing the model in
future, in order to make it more e�ectiv e.

� The current model usesthe linear model for the Kalman �lter. One can probably come
up with better results by using the iterated extendedKalman �lter.

� As of now while calculating C(t) for the measurement equation of the Kalman �lter C(t)
is meant to be the co-e�cien t of a tri focal tensor but it itself hasparametersconsistingof
terms of the tri focal tensor which is being estimated. If possibleC(t) should be evaluated
in such a way that it doesnot contain any parametersof the tensor that is being evaluated.
If it is not possible, then it becomeseven more imperative to use the iterated extended
Kalman �lter to estimate the tensor.

� A method must be developed for calculating all the motion parameters from the image
frames. It should be noted that if the motion parametersare given for the �rst 3 framesof
the process,the motion parameterscan be accurately calculated for the remaining frames.
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