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ABSTRACT

This paper presents two algorithms for estimating motion
and structure from long monocular image sequences: one using
interframe correspondences, the other using poinl trajeclories.
Object-centered molion representations and molion models de-
scribed by up to the second order polynomials are used lo estimate
motion parameters from long image sequences. The algorithms
automatically find the proper model that applies lo an image se-
quence and give the globally optimal solution for the motion pa-
rameters under the chosen model. The selection of motion model
for rotation is independent from that for translation. Since the al-
gorithms first solve for rotation parameters nonlinearly and then
solve for translation and siructure parameters in closed forms,
they invlove less unknowns in the nonlinear search and are hence
more robust and efficient than existing long sequence algorithms.
Experimental results with real image data are presented.

1 Introduction

This paper presents model based algorithms for estimating
motion and structure from point correspondences or trajectories
in a monocular image sequence. Arbiltrary motion and motion
desribed by up to the second order polynomials are considered.

The previous approaches [1] [2] [3] [4] solve for motion and
structure parameters simultaneously, involving infeasible compu-
tation complexity and making a globally optimal solution im-
possible, Earlier [5] we have presented a stepwise algorithm
for solving motion of constant acceleration using interframe cor-
respondences. We now extend the method to arbitrary motion
described by up to the second oder polynomial models. Exper-
iments with real image data are presented to demonstrate the
performance of the algorithm.

The existing approaches have exploited only the motion
consistency and smoothness properties. When trajectories of
points are available, structure consistency can be enforced to
further improve estimation accuracy. A nonlinear formulation
and a corresponding stepwise solution for motion and structure
estimation using point trajectories are also presentd in this paper.
This formulation can also make combined use of both interframe
correspondences and point trajectories [6].

2 Motion Representations

Let X, be the position of a space point at time n, R, and t,,
be the rotation and translation between ath and n-/th frames, and

=1
Rl‘f=RIRI—I...R]§|', tl.j=t!—| Z: nh{tk.

k=341

(2.1
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The camera-centered motion representation is ([1][5][6]):
Xu=R,Xu=1 + s, or X;=R;; X; +t;;. (2.2)

In object-centered motion representation, everything is the same
except that t;; is represented as ([5][6])

+ZTk,

k=3+1

t:.) =[I - r‘q‘;] [Ol] + kt_l'rk] (23)

where Ty is the translation of rotation center O between the nth
and n-/th frames, whose position at time 0 is Oo.

3 Rotation Models

Polynomial and arbitrary rotation models are considered.

i.  Constant Rotation
In this case, R, = R for all n and R;; reduces to

Riy; =R, 3.1
R is expressed in the three-angle representation ([5]) during
solution process and hence involves only three unknowns.

ii.  Rotation with Constant Acceleration
In this case, the rotation angle changes at a constant rate about
a fixed axis:

R, =nn'— (nn'—l) cos ¢, +n x Ising,, (3.2)

where n is the rotation axis, ¢, the rotation angle at time n, and
I the identity matrix. Since n is fixed, we have

Ri;, =un'- (n:;' —I) cos ¢, ;+n x Ising, ;, (3.3)
where
; k=l k(k—1
¢‘-J = Z@k = )¢+ l(l| = a,ld:a, ag = ZJ = (_2_1_
k=3 j=o
(3.4)

To ease the solution, n is represented by two angles o and 3 as

n=[sinacosf cosa sinasing]'. (3.5)

a, /3, ¢o, and ¢, are the unknown rotation parameters.
iii. Rotation Described by Second Order Polynomials

In this case, the rotation velocity between two consecutive frames
is approximated by second order polynomials in time. That is,

Qu=[wf o) wi]'= Q+nQa+n’Q,  (3.6)



and
R, = Ax(wX)Ay(wy)Az(wy).

The rotation between two nonconsecutive frames is still expressed
by Equation (2.1). Three vectors o, €,, and {2 are the un-
knowns to be estimated.

3.7)

iv. Arbitrary Rotation Model

In this case, no smoothness constraint about the rotation is en-
forced during the solution. Therefore, all rotation matrices R;, i =
1,2,...,n, are considered to be independent and unknown, and are
represented by the three-angle representation. Rotations between
two nonconsecutive frames are expressed in the form of (2.1).

4 Translation Models

Similar models are considered for translation.

i.  Constant Translation
In this case, the rotation center translates at a constant velocity.
That is, T, = To = T for all n. Equation (2.3) then reduces to

ti; =Ui;0:+Vi;T,, (4.1)
from which we have
(ti; % Ui ;)00+(ti,; x Vi ;)T =0, 4.2)
where
U,, =I-R:,, Vi,=;U0,,+(i—j)L (4.3)

ii.  Translation with Constant Acceleration
In this case, the rotation center's translation changes at a constant
acceleration, that is,

Tp=Ts+ (n=1)T,. (4.4)
Then, the translation between ith and jth frame (i > j)
t..JZUhJOD-l-V._JTD -+ w:,JTa, (4‘5)

from which we have

{tI,JXUI.J]OD -+ (tl,jxvl,_; ]To s & “'h} Xw._J )Ta = ﬂ.
(4.6)
where

W.,=a,U,,+(a, —a,)L @.7)

iii. Translation Described by Second Order Polynomials
In this case, the rotation center’s translation is approximated by
a second order polynomial. That is,

Tn = To+0Ta +1n°Ts. (4.8)
Then, the translation between the ith and jth frame (i > j) is

tl.J=Ut.J09+V1_1Tn+w|_JTa+Y|JT{;, (4.9]
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from which we have

(tI.J XU:,J )Oo+(t|_3 X\rri_; ]To'!'(t.'I’ Xw||3 ]Ta+{ti,; xY.I, )Th={]
(4.10)

where

k=1,
Y., = bJUl.J } (bl_bJ}Iv by = ZJJ
b

=l

%k{k— 1)(2k - 1).
@4.11)

iv. Arbitrary Translation Model

In this case, no smoothness constraint about the translation is
assumed. Therefore, all translation vectors, T}, i = 1,2,...,n, are
considered independent unknowns. Then, the translation between
ith and jth frame (i > j) is

1
tii= 2 Rixts, (4.12)
k=341
from which we can obtain
ST (i, x Rig)te =0, (4.13)

k=341
where we assume R;; = I, and R;; is represented by (2.1).

5 Solution Using Interframe Matches

The algorithm is divided into three steps: 1). first solve for
the rotation parameters nonlinearly; 2) solve for the translation
parameters in a closed form; 3) compute the structure parameters.

The solutions for the above rotation models are all the
same, though different parameters are searched for to minimize
the same criterion. Let @7 = [z}’ y;’ ire o) =
[z3* ¥y 1]'.p=12, .., Pij be P, pairs of correspondences
between the ith and jth frames, where (x,", y,") and (x;*, y,)
denote the image coordinates in the ith and jth frames. Let

(O xRy, ©3) ?
I ;= (5.1)
: T
(0%, xR;0% )
Let Aij be the least eigenvalue of T1;;TII;;. The rotation parame-
ters for each model are searched for to minimize

A= Z wi ;A

1>

(5.2)

Since II;;"II;; is a 3x3 matrix, its eigenvalues can be obtained
in a closed form. With good initial guesses from the two-view
algorithms, globally optimal solutions are generally obtained for
models of second or lower orders.

After rotation parameters are obtained, the translation pa-
rameters of the first three models are estimated in a closed form.
First t;; is obtained for all i and j with i > j using the two-view
motion algorithm [5] and the estimated rotation parameters. Then
Op and T (also T,, Ts) are solved for from Equations (4.2), (4.6),
or (4.10) with the linear least squares method. The obtained Og
and To (also T,, Tp) are then used to compute t;; using again
Equations (4.2), (4.6), or (4.10). The solution for the arbitrary



model is also the same as that for the polynomial models except
that Equation (4.13) instead of (4.2), or (4.6), or (4.10) is used.

After the motion is solved for, we can integrate all infor-
mation available about a point to get an integrated solution of the
structure about the point. Consider the points in the first frame.
Let ©; = (x1, y1, 1) be a point in the first frame that has corre-
spondences with points in any other views. Then we track €
in the image sequence to get ils trajectories in a subsequence,
Reorder the subsequence into a sequence and assume there are F
frames in the sequence for ©),. Therefore the problem is reduced
to estimating the structure with known motions from a point tra-
jectory over a sequence. We now consider the reduced problem.

Assume we have a point trajectory over F frames with the
point position in the ith view being ©; = [x;, yi, 1]'. Let R;
= (fm’), tj = (1Y, 129, 1397 (i > j) be the known rotation and
translation between ith and jth views. We now need to solve for
the depth Z; of the point at time 1. This is done by searching
Z, such that the following error

o a:Zi + 4"’ b2+ t11\?
’ -ZA(I Tazivey) T\ T oz o=

is minimized, where

a=riizitridvitrls, b=rhizbrhyitri, &b

C.'=":'s:’»‘|+".::iyl+f§§-
S is the sum of squared distances between the observed point
positions and the estimated positions assuming a depth value
Zy. A good initial guess of Z; is obtained in a closed-form
by minimizing

S§'=

; [x (r.Z.+t§,‘) = (a. Z:+t‘,')] 2

o (czre) - (bzive))]

(5.5)

6 Solution Using Point Trajectories

Let M; =Ry and V; = t;,. Let O, = [xg,f. yp' 117 be the
position of pth point in the fth frame. Let X;' = Z,'0,', where
ZP: is the depth. Then, the motion equation between the fth frame
and the first frame for point p is given by

Z}0) = Z,M;0, +V,. (6.1)

Subtracting (6.1) for p = i from the equation for p=j, we get
zle!-z!e/=M,S,;,i,j=1,....P,f=2,....F, (62)
where
S, =210 - 7,0,

is the vector connecting the ith and the jth points. Equation (6.2)
indicates that vectors Z'0,", Z;'0;", and M(S;; must be coplanar.
Therefore we have the following equation which constitutes the
basic equation for solution

(@) x 9;)"
(0% x ©%)'M,

(6.3)

S, =®,S,=0, i#j (64)

(e x @) 'M,
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For any given &;;, the optimal solution of §; subject to
IIS;jll = 1 that minimizes
€&y = “"t.rsljl”2 = Slul_.;"'uﬂ ®,,S,, (6.5)
is the eigenvector of ¢ﬁ‘r¢|‘j associated with ®;;7®;’s least eigen-
value \;;, which is the minimum value of ¢;; for a given &;;. The
problem that remains is to estimate the rotation parameters and
minimize ). However, in order to solve for My, f = 2, ..., F,
uniquely, we need to consider all the points simultaneously. Let

P P-l
A= Z z wizAi; = Ew.‘ja\u. (6.6)
=3+l 3=1 1>y

where wj; is a weighting factor. An optimal solution of My, f=2,
.. F, that minimizes A requires nonlinear search of the rotation
parameters. If the polynomial rotation models are used, much
less unknowns will be involved for long sequence motion than
when the arbitrary motion model is used.

After Mg, f=2, ..., F, have been obtained somehow, depths
and translation vectors can be determined in a closed form. First
consider the depths in the first view. After My, f = 2, .., F,
have been solved for, the structure vectors Sj, i > j, can all
be determined to within a scalar and chosen as the eigenvector
of ®;"®;; associated with the least eigenvalue. Let the scaled
solution of S;; be S, ,- Then, because of equation (6.3) we have
the following equation

2!©; - 2,0} = a;,8,;, (6.7)
where aj; is some constant to be determined. Using S,; to
cross-multiply both sides of Equation (6.7) we get the following
equation for the depths

z7}(©! x8,,) - 2(0) x8,,) =0, i>j,  (68)
which allows a linear least squares solution of P depths to within
a scalar from 3P(P-1)/2 equations:

[ By 0 e 0 7
B 0 ym e 0
Ber 0 0 TP A
0 Bu vn cen 0 Z3
0 Be 0 e 0 . |=HZ=0, (6.9)
0 Bp2 0 YP2
L 0 0 0 Bpp-1 ypP-1l

where

Bi; = —O) x Sij, vi; = O] x8;;, i>]. (6.10)

Now consider depths in other views. Let S;; be computed as in
Equation (6.3) , and let X;;' = M(S;;. Then Equation (6.2) gives

zle!-z!el =x|, ij=1,..P (6.11)



Using ©," to take cross-product with both sides of the above
equation, we obtain the following equation for y AL

z/(0!x®]) =X, x®}, j=1..,P (612

Z can be solved for linearly from the above equation by a least

squares method minimizing f: ”Zlf (Gf X @_{) - X{J X 9;’”2.
1=l

The solution is given in closed form by

Al .B! .
J‘_ 1 1 p— —
Z, —W, I—l,...,P, f—2,...,F. (6-13‘}
where
e/ x e X/, x @]
Al = ! , Bl = : (6.14)
0! x 04 X/, x 04

After the depths are all obtained, the optimal solution of

F o .
translation vector V¢ that minimizes 3 ||Z/©} - Z)M, 0} - V,|[*
p=1

is then given by

Vv, = 6.15)

ol

P
=5 ()0} - z;m,0,).
p=1

Since translations can be solved for in closed form with well
defined optimality criterion after the rotations are known, in
general there is not much need to use the translation models if
rotations are estimated in good accuracy. However, if a suitable
model applies, the results can still be improved by applying the
estimates of V¢ = t; obtained as above 1o the model based
estimation method for translation vectors discussed in the last
section. An alternative solution of the translation vectors which
allows polynomial motion models as well as arbitrary motion
model is possible [6]. In that formulation, translation vectors
instead of depths are solved for first.

7 Automatic Selection of Motion Models

A higher order model gives a smaller objective function
value and needs a larger number of frames lo stabilize the solu-
tion, but the correct model gives the best estimation results. For
real application, it is important to select the right model for the
given data. There seems 1o be no efficient way except to apply all
models to the same data and see what happens. For a sequence
of a few images, probably only low order models apply. In the
following, we assume a sufficient number (say 10) of frames is
available so that all models can be used.

Consider the rotation parameters first. In general, the two
consecutive models give comparable results about lower order
parameters. Then a decision is made about which model is the
right one according to the estimation results,

i.  If the minimum objective function value A obtained by the
first model is smaller than those obtained by other models,
the first model is used.
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ii. Otherwise, obtain Q, = (wx", wy", wz") for each n for the
third and second models. If the distance between the two
solutions for any n is larger than a threshold (say 0.3°,
determined according to the system resolution), the third
model is used.

Else, obtain 2, for each n for the second and first models.
If the distance between the two solutions at any time is
larger than a threshold (say 0.3°), the second model is used.
Otherwise, the first model is used.

iii.

A similar but somewhat different procedure is used for de-
termining the translation model [6]. For translation, two thresh-
olds are used: one on translation direction, and the other on
magnitude of translation.

Using the above methods, the algorithm can automatically
select the right model to solve for the motion parameters. It is
worthwhile to note that the algorithm is so robust that even if
a mistake? is made about the model, the resulting estimation is
still acceptable.

8 Experimental Results

This section presents two examples with real image data for
the algorithm using interframe matches. The system setup and
algorithm paramelers are described in [5](6]. In the examples
provided below, only the ground truth of rotation angles are
accurately recorded, because of the difficulty in measuring the
direction of the camera optical axis and the position of rotation
center relative to the optical center.

The first example contains a sequence of 20 images. Figs. 1
(a) and (b) show the first and last images and the correspondences
obtained. Figs. 1 (¢) and (d) show the tenth and eleventh
images and the correspondences. The motion involves a rotation
of second order polynomial around the X axis ([1 0 0]7) with
wiy=0.42°, wy%=-0.08°, w%=0.008° and a translation of
constant acceleration along Z axis ([0 0 1]7) with parameters
t%=1.0, 13=—0.06, t%=0.01. The rotation also causes a small
translation along Y axis since the rotation center is not at the
optical center. The estimated rotation parameters are:

0.42603 0.08152 0.00815
Qi=| —0.01581 |, Qa = | =0.00479 |, Qp=| —0.00031 |,
0.02296 0.00432 0.00030

and the interframe translation direction vectors are, for exam-
ple, iz = [-0.03450, -0.06676, -0.99717], tio.1 = [-0.02747,
-0.177239, -0.99194], ti920 = [-0.00858, —-0.17724, -0.98413],
Only two interframe translations are not accurate, which are t; 5 =
[-0.34273, -0.31138, —0.88633], and t17,s = [0.25909, 0.68218,
—0.68374]. The estimation of interframe translation vectors is
more vulnerable to noise in the image data.

The second example also contains a sequence of 20 images.
Figs. 2 (a) and (b) show the first and last images and the
correspondences obtained between them. Figs. 2 (c¢) and (d)
show the tenth and eleventh images and the correspondences. The
motion involves a rotation of second order polynomial around the
Y axis ([0 1 0]") with w) = 0.5°, W} = 0.04°, b

2 In case of noise, the algorithm tends to choose a polynomial of
higher degree. This mistake is not serious and makes the estimates only
somewhat less accurate.



—0.003°, and a translation of constant acceleration along X
axis ([1 0 0]) with parameters ¢y = 1.0, 1% = —0.04286.
However, in this example, the rotation causes a translation along
Z axis that is comparable with the translation along X axis.
Therefore, we do not know the ground truth of the translation

(a). The first image. (b). The nineteenth image.

directions. The estimated rotation parameters are:

0.01917 —-0.00432 0.01774
Qu=10.37068 [, Qa=| 0.03860 |, Q=] —0.00289
0.00017 —0.00282 —0.00004

(c). The tenth image. (d). The eleventh image.

Fig. 1: Example |. Figures (a) and (b) show the first and the last images and the correspondences between
them; Figures (¢) and (d) show the eighth and ninth images and the correspondences between them.

The first image. (b). The nineteenth image.

(a).

(c). The tenth image.

(d). The eleventh image.

Fig. 2: Example Il. Figures (a) and (b) show the first and the last images and the correspondences between
them; Figures (c) and (d) show the eighth and ninth images and the correspondences between them.

9 Summary

In this paper we have presented model-based algorithms for
estimating motion parameters from a long sequence of images.
The whole process, from images to feature points, to matching,
and then to motion estimation, is fully automated. The algorithm
automatically finds the proper model for a given motion and
obtains optimal solution for the chosen model. The application
of the algorithm using interframe matches lo real image data has
obtained good results, from which we can conclude that model-
based methods yield much better results than those assuming
arbitrary motions. When point trajectories are available, the
accuracy of the results should increase substantially.
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