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Abstract

This paper discusses the use of stereo Gabor filters
for the extraction of scene structure and ego-motion.
Gabor filters are used to estimate stereo disparity
and normal image velocity. The stereo and tempo-
ral correspondence problems are reduced in sever-
ity by using multi-scale prediction and phase-based
measurements. Scene structure is estimated from
the disparity. Ego-motion is estimated by combin-
ing image measurements using direct passive navi-
gation. Experimental results demonstrate the util-
ity of the approach.

1 Introduction

Stereo vision can be used as a primary sensing sys-
tem for the interpretation of scene structure and
ego-motion. The advantages of using a camera as a
primary sensor are as follows: high resolution, com-
mercial availability, low power consumption, and
passive operation. One of the disadvantages associ-
ated with camera-based systems, particularly stereo
vision, is the feature correspondence problem. This
paper discusses the use of multi-scale Gabor filter-
ing to reduce the serverity of the correspondence
problem, and to estimate stereo disparity and the
normal component of image velocity. Disparity and
normal image velocity are subsequently combined
using direct passive navigation to estimate the mo-
tion of the stereo cameras.

The correspondence problem is a hard perennial
problem related to the matching of features or in-
tensity patterns in image pairs that belong to the
same scene entity. The correspondence problem ap-
pears in two forms for stereo motion sequences. The
stereo correspondence problem is associated with the
matching of features across stereo image pairs. The
temporal correspondence problem is associated with
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matching features in successive images of an im-
age sequence. There are three main challenges to
overcoming the stereo and temporal correspondence
problems: viewpoint/scale distortion, multiple can-
didate matches, and missing parts.

The Gabor filter approach presented in this pa-
per can be described as coarse matching of features
from bandpass filtered images followed by a refine-
ment stage based on phase correlation. Gabor fil-
ters are useful because they are robust to image
deformations caused by viewpoint differences, and
their phase response can estimate image shifts to
sub-pixel accuracy. When implemented as a multi-
scale filter set, Gabor filters can simplify feature
correspondence, reducing the likelihood of multiple
candidate matches. The magnitude response can
be used to test candidate matches thereby avoiding
problems associated with missing parts.

The scope of this paper is limited to static scenes.
However, the algorithm presented in this paper is
the basis of a larger system [2]. Extensions of this al-
gorithm include the integration of sensor translation
over long stereo image sequences [3], the compensa-
tion of transient sensor rotations [3], the estimation
of object trajectories from a moving platform [3],
and the prediction of collisions of moving objects
with a moving sensor.

The outline of this paper is as follows. Section 2
reviews the Gabor filter and defines local attributes
that are used for selecting features and measuring
image displacements. Section 3 discusses the use
of these local attributes to measure disparity and
normal image velocity, and to estimate sensor mo-
tion. Section 4 covers techniques for overcoming
the feature correspondence problems. Results for
real image sequences are shown in section 5.

The remainder of the introduction gives a review
of technical prerequisites.




Disparity Measurements — Once matching
projections, or corresponding image features, are
found in the left and right images, the apparent
shift, or disparity, can be measured. In this pa-
per, it is assumed that the camera setup and cali-
bration produces an ideal epipolar geometry which
constrains the direction of the disparity to follow
the horizontal axes of the two images. As a result,
disparity is reduced to a scalar term. This ideal
epipolar geometry requires that the stereo cameras
are setup such that their optical axes are parallel,
their image coordinate axes are aligned, and any
lens distortions are compensated.

Depth Estimation — Depth estimation uses the
stereo disparity and knowledge of the camera setup.
If, in addition to the ideal epipolar geometry, it is
assumed that the camera focal lengths are matched,
then the three-dimensional position is calculated us-
ing
pyd=T1EER 5.y
T
where (z,y,z) represents the horizontal, vertical,
and depth axes; (Zr,9) and (Zg,§) are the image
coordinates for the left and right images, respec-
tively; b is the baseline separation between cameras;
71 is the camera focal length; and d; = (21 — 2g) is
the stereo disparity along the horizontal image axis.

Camera Motion and Image Velocity — A
point P(z,y,z) in the field-of-view of a camera is
projected onto the image plane at coordinates (2,
i ; ,

[2 9] = e o), (2

~ where

2

z — 5 for the right camera.

z + 2 for the left camera
2. = (3)
- Ifthe cameras move, the image velocity correspond-
Ing to a stationary point P(z,y,z) is given by

vz iI" = A(="")B()0, (4)

where V; and V; are the image velocities in
the 2 and § directions, respectively; @ =
”1Tx T, T. Q; Q, Q,]7, referred to as the “inter-
frame sensor motion,” is the translational (T') and
totational (Q2) velocities of the stereo cameras with
i}espect to the ground reference;

e
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and

-1 0 0 0 —z Y
B(z) = 0 -1 0 z 0 —z |. (6
0 0 -1 -y = 0

Since image velocity is usually measured using local
regions of the image, the “aperture problem” [8] will
arise. As a consequence, only the component of the
image velocity normal to an image contour can be
measured. This “normal image velocity,” denoted
by V,, is given by

V, =al [Vz ;)7 (7)

where i = [cos ¢, sin¢,]7, and ¢, is the direction
that is normal to the contour relative to the z-axis.
The superscript T indicates transpose.

Direct Passive Navigation — In this work, the
inter-frame sensor motion is estimated using a “di-
rect passive navigation” approach [11]. If depth in-
formation is available, the sensor motion can be es-
timated from the set of normal image velocities:

® = Q;;1p, (8)

where Qin: = Y, i3, p = > el ) I =
0T A(271)B(z), and ¢; is a weighting term based
on the certainty of V,(i). Q) is the error covari-
ance matrix for the inter-frame sensor motion esti-
mate, ©@. An expression for the weighting term, c;,
appears in section 3.3.

2 Image Processing

In this work, the Gabor wavelet decomposition is
used as a preprocessing stage for both disparity and
normal image velocity estimation. The wavelet fil-
ter set decomposes the image into a set of bandpass
(Gabor) channels with log-polar frequency separa-
tion. The Gabor channels are characterized by two
responses: (a) a magnitude response that measures
localized signal energy, and (b) a phase response
that encodes the relational structure of an intensity
pattern with respect to its spatial neighborhood.
The magnitude response is useful for identifying sig-
nificant features. The spatial phase gradient of the
neighborhood about a feature and the local phase
difference with its corresponding feature are used to
estimate image displacements to sub-pixel accuracy
(3] [5]-

The quadrature Gabor filter kernels in a wavelet
representation are given by

G4(Z, Q,JJ,&) = 9(&,9) cos[@(Z cos$ + gsin q;)](, )
9
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G_(z, 3},&;,(5) = g(z,y)sin[@(2 cosd + gsin d))]

272022 | 22 (1)
A% (&% + 97)

A0y
where & and ¢ are the modulation (center) fre-
quency and orientation, respectively, of the Gabor
filter kernel (and the Gabor channel); and A is the
ratio of the channel bandwidth and the modulation
frequency. The spatial output of each filtered image
is typically sub-sampled, producing a spatial sam-
pling lattice whose density is appropriate for the
channel bandwidth. The spatially sampled output
is referred to as a “Gabor coefficient”, and is given
by

a4 (2,9,0,9) =// I(%,9)G4(3—%

a-(2,9,&,4) =

g(ia g) = exp(—

—g) ‘:}7 &) dz dga
(12)
/ I(#,9)G-(2—#,5-1,2, ) di dg,
(13)
where I(Z,§) is the input image and (Z,y) is the
spatial coordinates of the lattice point.
Quadrature Gabor coefficients define a magnitude
m and a phase 6:
m(2,§,5,9) = [01(8,7,6,4) + a2(2,5,5,9))°°,
(14)
888 )
a+(x, Y, w, ¢)
The spatial phase gradient, denoted by [w; wg), is
used to estimate the mean frequency w, and ori-

entation ¢, of the signal energy within a bandpass
channel:

6(z, g,a;,&) = arctan l:

¢n(:7:,f/,&,$) = arctan [U—JA(Z’?————&L?] ,  (16)

wn(,,0,0) = Wi(2,5,5,6) + w5
In general, the mean frequency and orientation
(wn, ¢n) are close to, but not the same as, the cen-
ter frequency and orientation (@, ¢) respectlvely, of
the bandpass channel. The finite bandwidth of the
channel, which allows this frequency/orientation
difference, allows for robust matching of correspond-
ing intensity patterns in successive or stereo images
even if the patterns are distorted due to viewpoint
changes.

The normal image displacement between succes-
sive images, when small, can be measured directly
using phase information:

Va(Z,9,

Ez
3:
>
o~

|

when |V, At| = 0,
(18)

where At is the temporal sampling interval, and A#;
is the phase difference over this interval. For a large
image displacement, a coarse alignment of features,
or equivalently, a temporal correspondence of lattice
points in successive images, is required. Thus, the
normal image displacement is given by

Ab,
Al'off COS¢n+Ayofj Sln¢n+— (19)

Wn

Vh AL =

where AZ,5; and Ag,y; are the lattice offsets be-
tween successive images. Similarly, the disparity is
estimated using the phase difference between corre-
sponding lattice points in stereo images:

Abr r(ZR,ZL,T,0,9)
Wi',ave(i'R, Ir,y,w, ¢) ;

(20)
where Afg 1 is the phase difference; and ws gye 1s
the average frequency of a pattern measured along
the epipolar line, as viewed by the left and right
Gabor filtered images.

di:(i'Ly ga ‘:'}) Q‘;) = (i‘R_‘%L)—

Expected Errors — It is important to model the
measurement uncertainty so that the expected er-
rors in stereo disparity and normal image velocity,
as well as the error covariance of camera motion,
can be estimated. The expected frequency errors
along, and orthogonal to, the channel modulation
(#) are measured using phase variances (éwz, dwg).
The error in the local phase difference, either Af,
or Afg,r, can be estimated if it is assumed that the
error in the Gabor coefficients (a4 ,a_) is due to in-
channel noise whose power is denoted by o%. The
error in the local phase difference is approximately
given by

e G

where mg and m; are the local magnitudes at tem-
poral or stereo corresponding lattice points. Note
that the expected phase shift error is inversely de-
pendent on the signal-to-noise ratio of the filtered
image.

Interesting Features — Certain points within an
image will be easier to match than others. These
salient image intensity patterns, which are both dis-
tinct and robust to image noise, are referred to
as “features”. These features are high peaks or
plateaus in the magnitude response that exhibit lo-
cal phase stability (see [2] or [5]). Each feature has a
low expected error in terms of dws, dwy, and 6(AB).




Lattice Spacing — The output of the Gabor
channel is spatially subsampled with respect to the
original image. In this paper, the spatial sampling
lattice is a Cartesian grid that is rotated by ¢ so
that £ is aligned with the channel modulation. The
spatial sampling intervals, denoted by Az, and Ay,
are selected as a function of the channel modulation
Dk:
. 5 ™
Az, = Ays = —. (22)
Wi

3 Using Local Attributes

The magnitude and phase responses from the Ga-
bor filters can be used to estimate disparity, normal
image velocity, and sensor motion along with their
respective expected errors. Each of these topics are
discussed in this section.

3.1 Disparity Estimation

Limitations of the strictly phase-based approach
to disparity estimation result in multiple candidate
feature matches. This subsection discusses criteria
for rejecting incorrect feature matches. The estima-
tion of the expected error in the disparity measure-
ment is also discussed. =

Consider an epipolar channel (¢ = 0) whose
modulation frequency is @r. The local spatial fre-
quency of a detected feature, measured along the
epipolar axis, is denoted by wz. If corresponding lat-
tice points are identified in the left and right images,
the relative disparity measured using the phase dif-
ference is given by

dret =

(23)

ABL,R
- :

Since the local phase difference is modulo 27 the
measurable disparity is restricted to

v e (24)
wg &
This interval, referred to as the “disparity interval,”
15 dependent on the local frequency of the filtered
image. Since the nature of feature selection (high
magnitude, stable phase) ensures that w; ~ @,
 the disparity interval described by (24) will be very
small for high frequency channels.

The measurable disparity can be extended by se-
lecting a set of epipolar offsets with overlapping
 disparity intervals. The epipolar offsets are chosen
- as multiples of the spatial sampling interval (AZ;);
that is
Eoffset = TloAif_g, (25)
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where n, is a non-negative integer.

Multiple disparity intervals produce a set of pos-
sible disparities: the correct disparity, and many
aliased disparities. Aliased disparity estimates must
be identified and rejected. There a number of con-
straints which, if violated, can be used to reject un-
likely feature pairings: the depth is positive; the lo-
cal magnitudes are similar at corresponding points;
and the best match should have a small phase shift.
Even after applying these constraints, more than
one potential match may still exist. The use of a
priori prediction to select the correct disparity in-
terval is discussed in section 4.

Expected Errors — It is desirable to model the
accuracy of the disparity measurement. The error
in a disparity measurement is given by

6di' = (Eoffset = E) =+ 6drela (26)

where E is the selected epipolar offset, and 6d,;
is the error in the relative disparity. The disparity
estimate has two primary sources of error: an incor-
rect epipolar offset or an inaccurate estimate of the
relative disparity. An incorrect epipolar offset, or
equivalently a correspondence error, is usually large
and difficult to model. Errors in the relative dispar-
ity are due primarily to inaccurate estimation of the
local frequency w; and due to noise 0%. The model
of the relative disparity error is given by

dws o 1 1
22 o UaNe T TG o e
(b (€2) (S22 4 (27 [+ ]
(27)
Equation (27) is used in section 3.3 as the expected

disparity error: (6dz)? = (6dyre1)?.

Wi

3.2 Normal Image Velocity

Multiple candidate matches can also occur when
measuring image displacements between features in
successive images. Like the disparity, the similar
magnitude and the small phase requirements are
used to test candidate temporal matches.

The normal image velocity is measured using
(19). Assuming that the correct lattice offset
(AZosp, Afosy) is selected, the expected error in
the normal image velocity and direction are given
by

v s (e 2y [+ L)

o W Wy mi

B (29)

Wn
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respectively, where dw, = dwg; bws and dwy are the
expected frequency errors along, and orthogonal to,
the direction of channel modulation.

3.3 Direct Passive Navigation

Direct passive navigation (equation (8)) is a
weighted least square parameter estimation tech-
nique that fits a set of normal image velocity mea-
surements to a rigid-body motion model. The rigid-
body model requires the scene structure, which is
obtained from disparity measurements. The weight-
ing term associated with a feature ¢ is selected based
on the uncertainty in the measured V,, and modeling
errors caused by uncertainties in ¢, and d;: that is,

= v+ [ e

2
EE_L/—Z'] (6dj;)2+60,
(30)
where e, is a constant offset error used to limit the
effect of inaccuracies in the error estimation, partic-
ularly when the expected error is underestimated.
The above weight calculation assumes that each
source of error is uncorrelated. For the most part,
this assumption is valid except when the spatial lat-
tice is oversampled and the feature density is high.

- The weight must be attenuated in image regions

where the density of features is higher than the min-
imum complete sampling density (see [2]).

4 Feature Correspondence

The concept of feature correspondence is simple:
given a feature in one image, find the feature in
a companion image that corresponds to the same
scene entity. The implementation of a correspon-
dence method, however, is difficult. In the previous
section, it was shown how local attributes can be
compared to test candidate correspondences. This
local test will reject some feature pairings, but there
is still the possibility of multiple candidate matches.
In this section, a priori information is used to limit
the search space such that a single best match or no
match is found.

In this work, stereo correspondences are estab-
lished using a priori information from lower fre-
quency Gabor channels (multi-scale prediction), as
well as using a heuristic ordering constraint. Mult:-
scale prediction uses scene structure measured in
lower frequency channels to predict the local dis-
parity and to limit the correspondence search space.
At each scale, a priori estimates of the disparity, dz,
and the expected squared error, (6d;)?, are interpo-
lated from the lower frequency channels. For each

detected feature, the a priori disparity estimate is
used to select two candidate epipolar offsets. The
magnitude and phase tests (section 3.1) are used to
determine which, if either, offset produces a match-
ing feature. If matching features are found, the
phase-based (direct) measurements of the disparity
(equation (20)) and the associated expected error
(equation (27)) replace their respective a priori es-
timates.

After completing the direct measurements, a “dif-
fusion” stage is applied to the disparity map which
spreads the influence of new measurements to neigh-
boring regions of large uncertainty, thereby limiting
the disparity gradient where the measurement den-
sity is low. In this work, the diffused disparity is
estimated from a weighted sum of neighboring lat-
tice points:

J@(0,0) = _Z”_%M’ (31)

ij %,
where —1 < 7,5 < 1,

_1_ [ E[(6d2)% ifi=5=0 39
4 = | E[(6ds + earist)?] otherwise, (52}
and egrif; is the drift penalty. The updated error is
set to the minimum error in the neighborhood: that
iS, (_10,0 = minz-j [a,-,j].

The above diffusion is inhibited at stereo features
so that direct measurements are unaffected. The
drift penalty, e4rif:, limits the radius of influence of
new measurements so that lattice points far from
direct measurements retain their a priori disparity
estimates. Once the diffusion stage is complete, the
disparity and error values are then interpolated and
projected to the next higher frequency channel. The
prediction stage is then repeated at this new scale.
A cross-scale penalty is added to the a priori error
estimate to reduce the influence of the lower fre-
quency data in the subsequent diffusion stage.

The density of stereo matches is increased fur-
ther by enforcing a heuristic ordering constraint. If
a viewed surface is sufficiently smooth, correspond-
ing features along an epipolar line will appear in
the same order in the left and right images [8]. The
application of the heuristic ordering constraint is
shown in figure 1. The existing correspondences,
established by the scale-based matching algorithm,
act as boundaries for other yet unseen matches. If
an unmatched feature is detected in the left image,
and it is bounded by two stereo features, the cur-
rently unmatched corresponding feature in the right
image must be bounded by the two corresponding
stereo features (see figure 1). This limited space is
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Figure 1: Heuristic Ordering Constraint

searched for a potential match. If one unambigu-
ous match is found, the correspondence is estab-
lished. In this work, multiple candidate matches are
ignored. Multiple candidate matches could be re-
solved using dynamic programming, as in [10]. The
utility of the heuristic ordering constraint is its abil-
ity to generate correspondences in image regions
with large disparity gradients. Such correspon-
dences are sometimes missed by multi-scale predic-
tion. Once the heuristic ordering constraint estab-
lishes a correspondence, a temporal-based matching
scheme will propagate the correspondence forward
in time.

The temporal correspondence requires the coarse
prediction of the two-dimensional image velocity
(cf. AZopr and Agoss in equation (19)), not just
the normal component. The two-dimensional dis-
placement can be predicted using (4) along with
estimates of the sensor motion @ and the depth z.
In this work, the set of candidate matches consists
of the four lattice offsets nearest to the prediction
ABO At. The best lattice offset is determined by
applying magnitude and phase tests to the candi-
date features.

9 Results

In this section, two experiments demonstrate the ro-
bustness of the stereo Gabor filter-based disparity
algorithm and direct passive navigation algorithm
to various scene structures. The objectives of these
experiments are to determine to accuracy of the im-
age displacement measurements (disparity and nor-
mal image velocity estimation) as well as the accu-
racy of the estimated direction of sensor translation.
Comparisons with other published results appear at
the end of this section.

Experiment 1: In this experiment, stereo cam-
eras move towards a stationary poster of a tiger’s
face. The image sequence contains three stereo
pairs, one of which is shown in figure 2. The poster
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Figure 2: Experiment 1, Stereo Images of Poster,

(left) Left Image, (right) Right Image.

Figure 3: Experiment 1, (left) Interpolated Dispar-
ity. The minimum (white) and maximum (black)
responses are 40 pixels and 60 pixels, respectively.
(right) Uncertainty. Light regions have large un-
certainties. Dark regions denote direct disparity
measurements. A region that is white in both the
disparity and uncertainty maps indicate a disparity
estimate whose uncertainty is too large to be mean-
ingful.

1s a planar surface whose normal is parallel to the
z-axis; that is, the scene structure has one depth.

The interpolated disparity and the associated un-
certainty for the middle of three epipolar channels is
shown in figure 3. There is a total of 284 stereo fea-
ture pairs across the three epipolar channels. The
disparity is approximately constant throughout the
image. The average disparity of these features is
51.07 pixels. The measured standard deviation is
+0.16 pixels.

Direct passive navigation provides an estimate
of the inter-frame sensor motion parameters (T
Ty, T;, Qz, Qy, ), and the expected errors (esti-
mated from the error covariance matrix, Q;;}). The
two inter-frame sensor motions and the average ex-
pected error appear in table 1. The two inter-frame
sensor motions are consistent with each other; that
is, the parameter differences between the two inter-
frame transitions are less than the expected errors.
The inter-frame sensor motions are also consistent
with the axial motion; the estimated direction of
translation (%, %‘-) and the rotation (9, Qy, £2.)
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Table 1: Inter-frame Sensor Motion for Exp. 1
cm/frame 10~3 rad/frame
bl g o
0.045 0.042 0.719 | 0.86 -1.23 0.04
1 |-0.002 0.004 0.720 { 0.06 -0.14 -0.05
Average Expected Error (%)
0.195 0016 | 415 2.86

o134

0.36 |

Figure 4: Experiment 2, Stereo Images of Model
City, (left) Left Image, (right) Right Image.

are approximately zero (within the expected errors).
The average error in the direction of translation
along the z- and y-axes (pan and tilt) are 0.030 ra-
dians (1.7 degrees) and 0.031 radians (1.8 degrees),
respectively. These results are surprisingly accurate
considering the inherent translation-rotation ambi-
guity that exists when viewing frontal planes [1].

Experiment 2: In this experiment, stereo cam-
eras move towards a stationary model of a city. A
stereo pair from the image sequence is shown in fig-
ure 4. The scene structure has a variety of depths,
including some large depth gradients. The images
also contain specular reflections.

The interpolated disparity and its uncertainty
for the middle and highest frequency channels are
shown in figure 5. In this example, the lowest fre-
quency channel (not shown) provides only a vague

Figure 5: Exp. 2, (left) Interpolated Disparity. The
minimum (white) and maximum (black) responses
are 10 pixels and 45 pixels, respectively. (right) Un-
certainty. Light regions have large uncertainties.
Dark regions denote direct disparity measurements.

Table 2: Inter-frame Sensor Motion for Exp. 2

cm/frame 102 rad/frame
fI‘ Tg; Ty Tz : Q;(; Qy Qz
0 | -0.010 -0.006 0.463 | 0.03 0.11 0.03

1|-0.003 -0.009 0477 |-0.01 -0.12 0.09

Average Expected Error (%)

[ o017 D013

0.016 | 0.20 0.15 0.29 |

description of the scene structure. The scene details
become discernible in the higher frequency channels.
There is a total of 274 stereo feature pairs across the
three epipolar channels.

The inter-frame sensor motions and the average
expected error appear in table 2. The inter-frame
sensor motions are consistent with the axial mo-
tion (within the expected errors). The average er-
rors in the pan and tilt directions of translation
are (—0.014, —0.015) radians, or (—0.80, —0.88) de-
grees.

Comparisons: The sliding stereo algorithm of
Matthies et al, described in [9], was tested on the
same tiger poster as that used in experiment 1.
Matthies’ algorithm produced an RMS disparity er-
ror of £0.12 pixels, which is slightly better than the
RMS error of £0.16 pixels in experiment 1. The
improved performance of Matthies’ algorithm may
be due to its use of eleven images along the epipo-
lar line, instead of two images. In this sliding stereo
approach, the disparity between image pairs is ap-
proximately 1 pixel. In contrast, the disparity in
experiment 1 is 51.07 pixels.

An alternative performance measure is the RMS
error in depth as a percentage of the actual value.
Using this measure, the results of experiment 1
are very respectable: the RMS error in depth is
0.3 percent of the average value (46.30 & 0.14 cm).
Matthies’ sliding stereo algorithm, after processing
eleven images, produces a RMS error that is 0.5 per-
cent of the average depth. Thus, the depth results
of experiment 1 are better than those reported in
[9] and better than a laser range-finder with 8 bits
of precision.

Weng et al [12] judge the accuracy of the image
velocity using the RMS difference between the mea-
sured image velocity field and the field predicted by
the inter-frame sensor motion. For the real image
sequence found in [12], the RMS error is 0.84 pixels.
It is claimed in [12] that an RMS error less than one
pixel is “satisfactory.” For experiments 1 and 2, the
RMS differences between the normal image veloc-
ity field and the field predicted by the inter-frame
sensor motion are +0.10 and +0.09 pixels, respec-
tively, which are significantly less than the one pixel




Table 3: Directional Errors in Sensor Translation
Exp. | Pan (deg.) | Tilt (deg.) [ Comments

1 e 1.8 Frontal Plane
-0.80 -0.88

Table 4: Comparison of Directional Accuracies
Researcher Error Approach
(deg) (Feature Type)
Burger et al [4] | ~ 1.0 | 2D displacements
Matthies [10] | < 1.0 | 3D displacements
Hayashi et al [7] | 4.3 normal image vel.
Braithwaite [3] 0.4 | normal image disp.

“satisfactory” level.

The directional errors in the sensor translation
are summarized in table 3. The dependence of di-
rectional accuracy on scene structure can be seen by
comparing the results of experiments 1 and 2. The
directional error along either the pan or tilt axes is
less than 2 degrees for experiment 1 and less than
1 degree for experiment 2. The improved accuracy
In experiment 2 is due primarily to the variation in
depth. The dependence on the speed of translation
can be seen by noting that the algorithm described
in this paper has demonstrated a directional accu-
racy of £0.4 degrees for a fast moving stereo im-
age sequence (see [2], [3]). The published results of
other researchers (see table 4) suggest that a direc-
tional error of 1.0 degree is “very good.”

In each experiment, the deviation of the es-
timated direction of translation from axial mo-
tion is within the expected error. Since the well-
conditioned estimates have an error of less than 1
degree, and the other estimates are within the ex-
pected error of the actual motion, it can be con-
cluded that this algorithm produces very good esti-
mates of the direction of sensor translation.

6 Conclusion

An algorithm based on stereo Gabor filters has been
presented which estimates stereo disparity, normal
image velocity, and sensor motion. The image
measurements obtained using Gabor filter are very
good: stable features are selected, stereo and tem-
poral correspondences are correctly made, dispar-
ity is measured to sub-pixel accuracy, and normal
image velocity measurements are consistent with
the component flow pattern predicted by the sen-
sor motion. The direction of sensor translation is
accurately estimated. The results demonstrate the
robustness of the algorithm to difficult conditions:
images containing shadows and specular reflections;
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and scenes with large depth gradients.
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