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Abstract

When using small motion model, the problem of “structure
from motion” has inevitably the ambiguity between
translation and rotation motion. For solving it, conven-
tional methods adopt a single line methodology; first they
try to find exact corresponding points with only image
brightness, and then motion parameters and scene depths
are estimated on the basis of it. But, considering that the
previous corresponding methods may have large errors
and it is difficult to define its error model, the single line
methods cannot improve such ambiguity although they
introduce any robust statistical estimator. Therefore, on
the assumption that corresponding points and motion es-
timation have to be iteratively refined, we propose a new
method for improving those ambiguities with stereo image
sequence.

1. Introduction

For visual reconstruction and robot navigation, struc-
ture from motion (SFM) is an active issue in computer
vision community and its properties are also becoming
well understood. As a drawback in SFM, it is well known
that the SFM methods, using small motion model such as
optical flow based method and direct method, have inevi-
tably motion ambiguity between translation and rotation,
which is called bas-relief ambiguity. In this paper we pre-
sent an iterative method for improving those ambiguities,
which is based on the robust direct method using stereo
image sequence [1].

As for the bas-relief ambiguity, Weng [2] imple-
mented its error modeling with Cramer-Rao bounds and
tested the limits of small motion with various simulations
and experiments. Recently, Szeliski and Kang [3] per-

formed its analysis based on the singularities of the He
sian of the information matrix. As tools for overcomil
such ambiguities, some methods also have been suggest
in computer vision community: they used planar-parallat
model [4] and linear transformations [5]. Soatto and
Brockett [6] recently suggested a probably convergn
algorithm that is robust to large noise, and showed that
bas-relief ambiguity is intrinsic to SFM. |

However, when we consider the problem of SEN
from practical point of view, it is most important how W
obtain exact corresponding feature points. As noted in6

or comner finding method, can have large locating error
and its error distribution cannot be modeled [1]. Therefor
the previous linear methods cannot cope well with its an
biguity. Moreover, when we consider that the shape
cost function under the bas-relief ambiguity can be li
narrow diagonal valley [7], we cannot improve the eror
with only any non-linear optimization method althoughi
introduces robust statistics. It again means that it is {l
first settlement for overcoming its ambiguity to achiey
exact corresponding feature points as much as possible,0
which error distribution cannot be modeled beforehand.

In this paper for improving the estimation error duef
bas-relief ambiguity, we basically are to use a robust and
direct motion estimation method [1]. Tt gives a lot ofap
proximated corresponding points. Therefore, based oni
we proposed a new method that can implement stereo i

statistical method again.
The next section describes the details of an iterafi

in section 4.
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1. A new refinement method

InFig.1, we show the consequent stereo camera motion
ind basic notations for this paper. In calibrated stereo
tamera, its consecutive motion estimation is to estimate
parameters w and t, and it can be achieved by a robust and
direct method using the following equation [1]. In this
paper, the meaning of robust is that estimates are insensi-
live to the error due to the large departure of small data.

Image-1 9 Refere'ufe Coord.

s
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Figure 1: Consecutive stereo motion
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Where i represents each image pixel in reference image
image-1) and Lorenztian function [9] is used as estimator
unction ( p ).

- However, because the brightness of all image pixels
tn't satisfy the optical flow constraint that is central as-
ption of equation (1), it is erroneous to finish the mo-
estimation process with all image pixels. Therefore,
We are to regard above estimation as coarse one, and try
efine the stereo matching and motion correspondence
ut each pixel in reference image on the basis of its
oarse estimation. Fig. 2 shows the graphical representa-
about finding exact corresponding feature points. As
in this figure, approximated motion is obtained by
robust and direct method, and those are filtered and
ed by following pixel unit matching and sub-pixel
nit matching, which is applied to both stereo displace-
nent (between image-1 and image-2 in Fig. 1) and mo-
displacement (between image-I and image-3).
this time, the exact stereo matching gives more exact
 estimation, and the exact motion correspondences
more precise estimates of motion parameters to-
with its refined exact depth. Here, the basic equa-
for those estimates is the following small motion
lodel equation;
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Figure 2: Graphical expression of refinement process

2.1 Refinement of stereo matching

When the approximated stereo matching is given by
the previous robust technique [1], we can improve the
accuracy of stereo matching by the two-step stereo
matching; matching in pixel unit and matching in
sub-pixel unit.

With respect to stereo matching in pixel unit, we im-
plement it as follows. To begin with, when an approxi-
mated depth at any pixel location (I, J) in the reference
image is given, we can estimate stereo matching (u, v) by
using small motion model of equation (2), and then we
can decide a temporary pixel-unit stereo matching point (i
J) in image-2 as follows;

)

(i, /) =nearestint (I +u, J +v) 3)
However, because the pixel point (i,j) is estimated by ap-
proximated depth, it may not be true pixel-stereo match-
ing point. Therefore, it is necessary to verify whether any
neighborhood pixel is true one. In case of the rectified
stereo images, of which extrinsic parameters have not
rotational component, it is well known that template
matching can be a useful measure for finding stereo
matching [8]. Therefore, we use sum of absolute differ-
ence (SAD) as similarity measure for stereo matching in
pixel unit. Then, we can define a true pixel-unit stereo
matching point among the neighborhood pixels including
temporary pixel-unit stereo matching point, if it satisfies
the following two conditions;

min SADG, j:1,J), SADG.j:1.J)< Sy, . “)

(i,jER

where R represents the size of neighborhood. If a refer-
ence image point (I, J) cannot satisfy such matching crite-
ria, it is excluded in refinement process.

When the stereo matching in pixel unit is obtained, we
next estimate it in sub-pixel unit. By using region-based



matching, we can constitute a weighted least-squares
equation for sub-pixel stereo matching as follows;

Ep(Au)= IW(x) W2 (X) [1,(x)-Au + 1,(x)] (5)

xe Dl

where W(x) denotes a window function that gives more

influence to constraints at the center of the windows; and
x represents pixel coordinates. In this paper, we use an
approximated Gaussian kernel for w(x), and set the

neighborhood window, D1, 3x3 pixel window. Also,
because above equation assumes that the brightness dis-
tribution be linear, it is necessary to impose another
weighting, W,, which reflect the linearity of image
brightness. The weighting, W), is defined as follows;

! (6)

¢ + ¢, X planeness(i, j)

WP(iaj)z

a(i, /)Xb(i,j) (i, )
|ai, /)b, )| e, ))]
a(i,)=[ 0 (I, (+L)=1, 0N
b, )=[0 1 (I, G j+ D)=L, G )T
e sl Li0a] a1 (L0

where, planeness(i, j) =

Therefore, we can estimate an exact stereo matching by
using equation (4) and (5) as follows;

u=@G-1)+ Au @)
Then, a refined depth, z, can be obtained when equation
(7) is applied to equation (2).

2.2 Refinement of motion correspondence

About the pixels in reference image that satisfy above
sub-pixel stereo matching, we next implement motion
correspondence between image-I and image-3 in Fig.l.
At this time, motion correspondences are also executed by
two steps such as section 2.1; correspondence in pixel unit
and in sub-pixel unit.

With respect to motion correspondence in pixel units,
we implement it as follows. To begin with, about the im-
age pixel (I, J) satisfying sec 2.1, we can estimate motion
displacement (u, v) by using equation (2). Then, we can
decide a temporary pixel-unit motion correspondence
point (i, j) like as equation (3).

However, because the pixel point (7, j) may not be true
pixel-unit motion correspondence point about the point (I,
), it is necessary to verify whether any neighborhood
pixel is true one like as stereo matching. For this process,
we propose a new method for finding true pixel-unit mo-
tion correspondence point by fitting image intensities to a
quadratic polynomial. That is because region-based
matching method used in stereo matching is poor in rota-

tional motion [8] as shown in Fig. 3 of section 3.

For a pixel point (I, J) of reference image, its infensiy
can be fitted to a quadratic polynomial by usil
neighborhood pixels as follows; '

min

po-(I+m)* + py-(I+m)(J+n) + p, (J+n)
p(/.J)(mn)ED2

+ py-(I+m) + py-(J+n) +ps — I¢I(1+m,J+n‘

vector of polynomial are defin
. As the same manne

where the coefficient
by p(l,J)=[py P1 P, Ps P4 Ps]T :
the neighborhood pixels of temporary pixel-unit mofi
correspondence point (7, j) in motional image (image
are also fitted to quadratic polynomials as follows;

<

. po-(+m? + p-G+m)(j+n) + py-G+n) |
min Z s : = Y |
p) (g2 + p3-(+m) + py-(j+n) +ps — Ly(i+m,jtn))

Since the intensity profile can be more invariant|
small rotation of image intensities, we can compare th
grouped coefficients of intensity polynomials for simii
ity criteria as follows;

2
PMC,(i,j;1,J)= 2| P,y (k)= P, jy (K) |
k=0

4
PMC, (i, j;1,J)= Y|y (k)= Py j) (k)]
=

PMC;(i,j 3 1,J)= | P15 (5) = Pii, jy ()]
Then, we can define a true pixel-unit motion cort

cluding a temporary pixel-unit motion correspondei
point, if it satisfies the following three conditions;

min PMC,(,j;1,J), min PMC,(,j;1.J), I
(.jER (.jER (
PMC.’:(’aJ 5 19']) = MThreshoId

where R represents the size of neighborhood (5x5)v
the value of M qy,,p5n014 15 S€L 1O 2.

After the motion correspondence in pixel unit i§ 0
tained, we next estimate it in sub-pixel unit. Here,
propose a new method using a region-based matchin
which is based on optical flow constraint equation I
equation (5). However, the previous methods [8], suchi
constant or affine motion model, are inexact fundame
tally, which is because such image motion model cant
fully reflect true motion. Especially, the previous metho
have severe errors when rotational motion is dominaif
shown in Fig. 3 of section 3. Therefore, when we combi
the optical flow constraint equation with small moti
model on the pixel-unit matching, then we can obtainft
lowing equation. }
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LAu+1 Av+cot, +co,w, +cosw, +coaw, +1, =0 (12)

cop=(Ax-1, +Ay-1,)/z

where, co, =(xAy + yAx+AxAy)-1, +(2yAy + AyAy) -1,
coy =—(xAy + yAx + AxAy) - I, — (2xAx + AxAx) - 1,
co,=Ay-I, —Ax-1,

In above equation, 1., w,, w,, and w_ represent global
motion parameters by global optimization, and
10,,c0,,co,, and co, are calculated by image coordinates

and depth at center pixel which was estimated by stereo
maiching. Above equation is also under-constraint be-
cause there are 6 unknown parameters for one equation.
Therefore, for estimating the sub-pixel image motion
(Au,Av) at center pixel (i,j), we propose a new block

matching method as follows;
Epy(mp) =

I W W (x)
x€D2

I, (X)Au + I, (x)Av+ coj(X)t +coy (X)wy :
+co3(X)w), +cog(x)w; +1,(x)

(13)

where, mp=[Au Av 1, w, w, w,]’

At above equation, W and w, are the same ones of
equation (5). Here, we can define the equivalent temporal
derivative of image intensity as follows;

Lp(x)=1,(x) + co, (X)1, + co, (X)w, + co, (x)wy + co, (X)w,
(14)
Where four motion parameters are assumed to be given in
¢ previous robust method initially. Therefore, we pro-
pose a block matching method with small motion model

or estimating motion correspondence in sub-pixel unit as
ollows;

Eppdu )= 3 W2 (x) Wp ()T, (x)- Au+ 1,(x)-Av+1, g (x)f
F xeD2

(15)

inEp(lA-t+B-w—u, o) (17)
Sty | 2

where,

-1 0 x Xy
A=[ ] and B= =
0=l ey (1+y°)

At this time, the robust estimation of global motion pa-
rameters must be repeated like as the proposed algorithm
[1], because the refined motion correspondence may be
inexact. For doing it, equation (14) is reformulated as an
iterative scheme as follows;

—(1+x%) ¥

—xy —x

II,E, n+l (X) = It (X) & coy (x)tz,n af (£%) (X)W,\',n 25 co3 (x)wy,n i €Oy (x)w:,n
(18)

where n denotes the iteration step.

2.3 Proposed Algorithm

As a new method that refines depths and the global
motion parameters of calibrated stereo image sequence,
our algorithm can be summarized as follows;

Step 1: Do the algorithm in the proposed method [1],
which used multi-resolution image level.
At the lowest pyramid level,

Step 2: Select stereo matching points that satisfy equation
“

Step 3: By using equation (5) and (7), estimate depths
about the points of previous step.

Step 4: Among the points satisfying previous step, select
motion correspondence points that satisfy equation
(11).

Step 5: By using equation (15) and (16), estimate motion
correspondence (u, v) about the points of previous
step.

Step 6: Estimate motion parameters by using equation
a7

Step 7: Estimate equivalent temporal derivatives of image
brightness by using equation (18)

Step 8: Repeat step 5, 6, and 7 as long as the sum of re-
sidual errors of equation (17) decreases.

Step 9: After refining motion parameters in step 8, refine
the depth parameters with equation (17).

3. Experiments

We experimented with synthetic and real consecutive
stereo image sequences. For testing the motion corre-
spondence of the proposed method, a synthetic image
sequence is used as shown in Fig 3, which has constant
depth and its stereo motion is to=t,=t1,=50 ,
wy=w,=w,=1°.In this figure, (d) is the estimation result
of pixel unit motion correspondence after implementing
stereo matching with sub-pixel accuracy. Experimental
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results show that the proposed polynomial fitting method
improves the estimation accuracy under 3D rotational
motion. About the sub-pixel correspondence accuracy, ()
in Fig. 3 shows that the proposed small motion model can
prominently improve the correspondence accuracy when
compared with previous SAD and u-v constant model. In
all experiments of Fig. 3, about 25000 image pixels and
3x3 pixel area is used for corresponding process.

Fig. 4 shows the real test image sequence, where the
extrinsic parameters of stereo camera are ¢ =S8mm,

(a) image-1

t,=t, =w, =w, =w, =0. For constituting the experimental

setup causing bas-relief ambiguity, we made-up the stereo
camera system having small field of view, of which the
focal length of lens is 16mm and the maximum field of

(c) | image-1 — image-3| “

(b) | image-1 — image-2 |

view is 23°. In Table 1, the estimated motion parameters :

by both the robust method [1] and the proposed robust % °

and refinement method (R&R method) are shown. In the 1 b
table, we can observe that the robust method causes mo- £ A A A A

tion ambiguities severely, which is, we think, due to the Lo ; 3 4

small depth variation in the scene. Intrinsically, such L% - Uopie = AURIS S Lal V—.%’"
scene condition is apt to bring about bas-relief ambiguity. Qe RG]

And, we can observe that the proposed R&R method can D - A Seodaic
refine the ambiguities. Also, when the iterative refinement (1) SAD (2) Proposed method
process is applied to R&R method like as the robust algo- (d) Motion correspondence error (pixel unit)
rithm [1], the ambiguities of motion parameters are re-

fined by iterations. In Fig 5, it is shown that Terr and Werr, 2 Z

of which each means translational and rotational error, =

become smaller as the absolute average of residual errors £ 0 d et dae E 3 ]
by equation (17) is smaller, where the absolute average of 5 1 ik v b ‘Pn Voo a2
residual errors has the minimum value at the 7" iteration. o e T =
Considering the above all experiments, we could observe -2 o T
that the previous robust method also weak for bas-relief -3 . '
ambiguity and the proposed iterative method can be effec- (1) SAD (2) u,v constant (3) Propose method
tive for improving the stability in near-ambiguous situa- (e) Motion correspondence error (sub-pixel unit)
tions. Figure 3: Motion correspondence with synthetic image

We also obtained the multiple stereo image sequences
with the experimental setup of Fig. 4, and its experimental
results are shown in Fig. 6. In this figure, it is shown that
rotational estimation errors cause much more errors about
translation estimates. The 1%, 4™, and 7" frame in Fig. 6 is
the case that bas-relief ambiguity is generated. In this fig-
ure, we can observe that the proposed R&R method can
improve the estimation accuracy under such ambiguity. In
Fig. 7, the depth estimation maps, which are the 4™ frame
in Fig. 6, are shown as an example. The left map is the
result in case of that only robust method [1] is applied,
where white or black area displays erroneous depth esti-
mates. The right map shows the refined depth estimates
by the proposed algorithm. Comparing two depth maps,
we can observe that the proposed method also refine the
depth estimates.

(a) Reference image (image-1)

(b) image-2 (c) image-3

Figure 4: Real experimental stereo image sequence
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Table 1:

Motion estimation about Figure 4.

0

t,(mm) 0. 6.66 1.96 | 0.0
t,(mm) 000 -0.10] -040| 009
t,(mm) 000 124 055 027
w,(Deg) 0.00] -0.00] -0.02] 000
w,(Deg) 050 0.08 034 044
w,(Deg) 0.00] -0.03] -0.02] -0.02

*A : Exact motion parameter

B: Robust method only global optimization
C: Proposed method (1" iteration)

D: Proposed method (7™ iteration)
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Figure 5: Estimation errors according to iteration
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Figure 6: Motion estimation with multiple frames
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() Previous robust method [1]

(b) Proposed method

Figure 7: Depth estimation about 4" frame in Figure 6

4. Conclusion

In this paper, based on the robust and direct method
using stereo image sequence, we proposed a new iterative
method for improving bas-relief ambiguity. Its important
feature is to refine the stereo and motion correspondence
in sub-pixel accuracy, which uses the robust and direct
estimation as initial guess. With simulation and real ex-
periments, we showed that the proposed method could
improve estimation accuracy. As future research, we will
deal correctly with wrong correspondence at occlusion
boundaries and convergence properties about our iterative
method.
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