corresponding coordinatesin the 3-D model and theim-
age by computing the essential matrix. Unlike the stereo
vision case, this method gives a solution without any
scale ambiguity, if used with a3-D model and animage,
instead of two images. Moreover, the attitude estima-
tion is very robust even in the case of small optical
fields. This measurement is fed into a recursive motion
estimator, which givesthe current and the predicted val -
ues and derivatives of the translation and rotation com-
ponents of the vehicle motion.

The 3-D coordinate systems of the model R,and the
sensor R; are related by the composition of a rotation
and a tran§lation. The coordi naFes of a point in Ry,
[Xm v ZrJ ,andinR, [xi y; zJ , arerelated by:

T 0 L
[xm Ym sz = RD[xi Y; ZJ -1
The essential matrix introduced by Longuet-Higgins
isdefined by Q = RS, where S isthe matrix represent-
ing the cross product by the translation vector T. Using
Q, we have the fundamental relation:

T
[xm Y zm}Q[Xi Y, 1} =0

where X; and Y; arethe angular coordinates of the im-

age points, deduced from the pixel location (p,, py)

and the angular resolution in both directions (s,, sy) !

This equation, valid for P pairs of corresponding co-
ordinates, can be rewritten as Ab = 0, with A of dimen-
sion Px9 and b of dimension 9 containing the
coefficients of Q written in asingle line. If the SVD of
Ais A = UDVT, the optimal value of b corresponds to
the null space of A given by the direction associated
with the smallest singular value of A. If the singular val-
ues are sorted in decreasing order, this direction will be
given by the ninth column of V.

To obtain V, we actually compute the SVD of ATA
whichis ATA = VDVT, asdemonstrated in [1]. We can
factorize the essential matrix into the product of R and
Shy usingaSVD of Q. Weobtain therotation and trans-
lation component up to asign ambiguity in T and asym-
metry ambiguity in R. We recover this ambiguity by
checking the sign of the depth coordinate in both sys-
tems. Werecover thereal distance to the object by using
the following relation: ;

(XRg=Ry) % Yy 711
(Xi Ry— Rl) T

We compute this value over all available points and
average the measurements to obtain the final result.
From the measurements of Rand T over successiveim-
ages, we compute the rotational and trandlational speed
of the vehicle and give the predicted position and orien-
tation of the sensor in the next image. A complete mo-
tion estimator would be obtained by the implementation
of avehicle state model and a noise measurement model
into a Kalman filtering algorithm, which will not be dis-

ITl =

cussed here. The predicted attitude of the sensor in the
next frame is used to estimate the displacement of the
iImage points between the two frames, which solves the
point tracking problem.

5 Results

Experiments have been performed on sequences of both
infrared images and synthetic images. Theresultsonin-
frared images are presented from figures 1 through 5,
showing the reconstruction of a building seen from a
plane, and its recognition from a different viewpoint.
We were not able to give a complete error characteriza-
tion since we do not have a calibrated CAD-model of
the building. The facet description of the building was
computed from the 3-D point geometry of the scenein
two steps: we first compute the 3-D location of the
ground plane, assuming that most of the points we de-
tected are on the ground. Next, we produce the geome-
try of the roofs using the information of linked points
and complete the building facet description by assum-
ing that thewalls are vertical. The algorithms have been
implemented in C on a Sparc station 10. The time need-
ed for processing is about 1 minute for the reconstruc-
tion using the origina sequence containing 50 frames
each, of dimension 512 by 512. For the recognition
phase, the time needed is 30s for amodel of 50 points.
Our future work will concentrate on using high level
features such as segments and regions.
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Figure 3. View of the reconstructed building.

3 x 3 invertible matrix A. By writing that the sensor 3-
D coordinate system is orthonormal at every frame, we
can obtain linear metric constraints on the motion ma-
trix. We compute the matrix A suchas M = MA satis-
fies the metric constraints in the least sum-of-squares
error sense. Once the matrices M and S have been com-
puted, the F attitudes (position, orientation) of the sen-
sor and the P 3-D positions of the points can be
determined in the referential of thefirst image. The fac-
et description of the object can be produced from its 3-
D geometry by a model-based interpolation (polyhedral
rigid objects) or by using an chain-coded description
from the object edges. This algorithm is still under de-
velopment and will not be described here.

3 The Recognition Phase

We address the problem of recognition of apreviously
reconstructed object. We suppose that an externa sys-
tem of navigation provide the approximate point-of-
view of the sensor. However, thisinformation is not ac-
curate enough to predict the exact 2-D appearance of the
object. Thetask of the systemisto identify the object in
the image, the matching of the image points of interest
with the 3-D model points, and to give the exact 3-D at-
titude of the sensor relative to the object.

We find three general waysto consider the problem of
matching 3-D model-based objects to 2-D image fea
tures. The alignment method [6] generates hypothetical
transforms from features correspondences in the real
and the predicted images. The correct transform, ap-
plied on theimagefeatures, will propagate the matching
to the neighboring features and recursively to the whole
image. To accomplish this we must reduce the image to
asmall set of distinguished high level features. Thisre-
guiresan “intelligent” interpretation of theimage which
is difficult to perform. Another isthe Hough Transform
[7] that assumesthe model and theimage are similar, up
to atransform characterized by a set of parameters. The
image features produce a set of weighted votes for dif-
ferent transforms. Thefinal transform isthe global max-
ima of the sum of the votes. A third way isto provide a
mathematical formulation of the model whichisinvari-
ant under geometric transforms and to recognize the
model in the image, after reducing the image to the
same formulation [8].

We use the predicted value of the sensor attitude to
project the 3-D model into a set of 2-D points. Our rec-
ognition method suppose that approximating the defor-
mation between the predicted 2-D appearance and the

Figure 4.AN| mage of the scene from an unknown
viewpoint and the model predicted appearance.

real appearance of the object by asimilarity is sufficient

to find alarge number of correspondences. We then re-

fine the 3-D sensor attitude from this set of correspon-

dences and solve the remaining ambiguities.

For recognition we use a geometric hashing formula-
tion [8]. This method, based on the rigidity assumption,
uses the fact that the coordinates of a 2-D object are in-
variant, up to asimilarity, when expressed in areference
frame given by any pair of object points. We character-
ize the 2-D model in an orthonormal basis, which re-
sults from any “good” pair of model points. For each
basis, the affine coordinates of the remaining points are
calculated and stored in a two-dimensional hash table.
Each entry of the hash tableisalinked list, every node
recording a pair of affine coordinates and the basis in
which those coordinates were calculated. From the set
of image points, we sort alist of 2-point bases that ex-
press the image-point coordinates. For each image base,
we vote for each basis of the model that produced the
same point affine coordinates. If a model base gets a
sufficient number of votes, amatch is declared success-
ful between the image base and this model and, after a
verification process, the global transform is computed
over the set of matched points. The method is very sen-
sitive to the number of baseswhich could be reduced by
keeping the main segments or junctions of the image.

4 Self-Guiding

The problem of self-guiding can be decomposed into
two magjor tasks. Tracking the object by matching the
feature points from oneimage to another, in order to ap-
ply corrections to the orientation of the sensor (to keep
the object visible and centered), and providing to the au-
tomated navigation system the estimation of the vehi-
cle's 3-D motion relative to the object, in order to
command its future motion. The pose estimation of a 3-
D model-based object in asingle perspective image has
already been studied with different approaches. These
methods usually try to find the pose from the minimum
number of correspondences. Therefore, they are sensi-
tive to noise and complex to solve (non-linear optimiza-
tion problem). Moreover, these methods are not
dedicated to atracking process.

We present a pose estimation method that determines
the attitude of the sensor relative to the object from the



gure 1. Thefirst an
showing the two extreme viewpoints.

can be significant and estimate the 3-D structure of an
object viewed in the monocular sequence of images

There are two main approaches towards the problem
of motion and structure from a monocular sequence of
images. The optical flow approach computes the three-
dimensional motion and structure parameters from the
instantaneous brightness changes in the image [5]. The
method is stable for a global estimation of the motion
because it uses the textural information from the whole
image, but the localization of specific pointsis not accu-
rate. The second approach computes the motion and
structure from a set of corresponding points. Therigid-
ity assumption allows us to integrate (recursively or in
batch mode) the information along the whole sequence
and to compute the motion and structure, which is ro-
bust to the noisein the localization of the feature points
[4]. The approach is accurate but has to solve the diffi-
cult feature matching problem

We present afeature-based reconstruction system that
combines an intensity approach to compute a 2-D affine
motion, followed by local matching to perform track-
ing, and afactorization of the measurement matrix in a
paraperspective approximation to compute 3-D motion
and structure. To perform the global motion estimation,
we make use of the incremental approach developed in
[3]. It assumes that the velocity components of the mo-
tion field on every pixel of the tracked region can be de-
scribed by an affine transformation:.

P (XY, 1) =a (1) +b (t)x+c (1)y

p, (¥ 1) = &, () +b (Dx+c (DY

This approximation allows us to compute an image
field that can combine the following motions; transla-
tion, scale, and rotation in the image plane. Thesetrans-
forms are the major components of the image motion
due to displacement of the sensor. However, affine mo-
tion modeling does not take into account the variations
of displacements of object features due to 3-D geome-
try. In our scenario, the sensor is relatively far from the
object. Therefare the deviation of the point-of-view,
which produces these displacements, is small. These
small errors are corrected by the local matching. The
coefficients of the affine transformation can be found by
minimizing the brightness change constraint equation
over the whole image, in aleast-square sense.

d
d (coeff) Eg (Pl =0

The differentiation with respect to each of the param-
eters produces a linear system of six equations with six
unknowns that can be easily solved. This estimation is
extended to a genera displacement by implementing
two alignment procedures. The procedureisrecursively
applied to the first image and the warped second image,
until the remaining affine transform is negligeable. This
aignment method is applied at al levels of aresolution
pyramid of the images, starting at the lowest resol ution.
The agorithm produces the measurement of the best ap-
proximation of the motion field as an affine transform
between the images. We apply the algorithm on the se-
guence and produce a predicted value for the next image
pair. Thisisjustified by the low frequency of the sensor
attitude motion compared to the image frequency.

A complete 3-D model of the object contains the ge-
ometry and luminance of a set of facets. However, we
limit the present work to the reconstruction of geometry
only. To compute this CAD-like model, we detect and
track interest points over theimage sequence. We detect
the interest points as the local extrema of a measure of
similarity to a corner defined in [11]. Points in succes-
sive images can be matched using a combination of the
global motion estimation and local matching procedure.
The affine transform computed from the global motion
estimation is applied to the points of the second image.
A local matching solves the remaining ambiguities.

We perform 3-D reconstruction from the sequence of
image points using the paraperspective model that ap-
proximates the perspective projection of a set of points
asthe projection onto aplane parallel to theimage plane
and passing through the object’s center of mass. This
approximation is justified in our case because we have
a small optical field. A reconstruction algorithm has
been developed in [9] by factorizing the [2F,P] mea
surement matrix (contains the image coordinates of P
corresponding points during the sequence of F images)
into a 2F x 3 motion matrix and a 3 x P structure ma-
trix. The factorization method extracts the best approx-
imation of rank 3, W, from the noisy measurement
matrix W using the singular value decomposition. The
SVD provides a possible decomposition of W into the
product of two matrices M and S, defined up to any
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gure 2. First original image (Ieft) and

image
warped to the same orientation asthe first image.
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Abstract

e address the problem where an autonomous system
equipped with an infrared camera “learns’ a desig-
nated rigid 3-D scene so that later it can recognize and
guideitself relative to the reconstructed scene, starting
from an approximately known viewpoint, to reach a
given destination. This scenario is relevant to several
domains, in particular military missions and robotic
navigation. A goal of our systemisthat a real-timeim-
plementation be feasible on special hardware. In this
paper, we describe the software version of such a sys-
tem and show results on real infrared images.

1 Introduction
A magjor issue in autonomous vision systemsistherec-
ognition of objects from one or multiple images. This
recognition can be performed automatically when the
system has a sufficient a-priori knowledge of the ob-
ject. Thisknowledge can be provided by severa sourc-
es such as a human-made CAD model,. An interesting
scenario isto consider a system capable of learning an
object structure from observations, so that it can recog-
nize the object from a different attitude at a different
time. We will impose the limitation that the point-of-
view, although different, is approximately known, and
that the objects are polyhedral, so that matched points
correspond to the same physical 3-D point.

Oncethisrecognition is done, a second useful task is
to allow a self-guiding system to automatically evolve
with a predefined trajectory relative to the model. The
application is either to navigate in arigid environment
for moving automated systems, or to grasp a moving
object for robots applications. For the first application,
electronic devices provide asolution but are costly and
not very accurate. For the second application, where
the object is moving, image analysisis necessary.

The goa of this article is to present the design of a
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system that attempts to solve the entire problem and
works on the articulation of different existing methods
and their contributions.

Thisarticleisin four parts, each describing a compo-
nent of the system, showing the relation with previous
work, and presenting results. We first describe the
learning phase, where the system performs 3-D recon-
struction of a designated object from a sequence ob-
tained by a moving infrared sensor. It uses a feature
extraction algorithm to reduce the object to a set of fea
tures, atracking algorithm to perform a global analysis
of the image motion, followed by a local matching of
the image features and a reconstruction algorithm to re-
cover the 3-D position of the features and the parame-
ters of the camera motion.

Next we describe recognition of the reconstructed ob-
ject from a different, approximately known, attitude. 1t
involves a two-step 2-D to 2-D correspondence ago-
rithm, that outputs the set of correspondences between
the image features and the 3-D model features, and a
correction of the estimated attitude of the input sensor.
The third describes the self-guiding system that pro-
vides automatic tracking of the recognized object and a
recursive motion estimation of the sensor attitude rela-
tive to the object. The fourth shows results on real infra-
red images.

2 TheLearning Phase

We address here the problem of the 3-D structure esti-
mation of a designated fixed object that is observed
from amoving vehicle driven by ahuman operator. The
automated system is ableto track an object that is point-
ed to in the first image. After ashort period of observa-
tion, during which the vehicle motion (manually
controlled) produces a limited variation of the view-
point, the system estimates both the object structure and
the sensor motion. We suppose that the system does not
have access to any external motion information. There-
fore, the system has to solve the two following prob-
lems: automatically track a fixed object designated in
one image from a moving sensor, to produce an image
sequence of this object, when the inter-frame motion



