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Abstract

In this paper we present methods for exploitation and

enhanced visualization of video given a prior coarse un-

textured polyhedral model of a scene. Since it is neces-

sary to estimate the 3D poses of the moving camera, we

develop an algorithm where tracked features are used to

predict the pose between frames and the predicted poses

are re�ned by a coarse to �ne process of aligning pro-

jected 3D model line segments to oriented image gradi-

ent energy pyramids.

The estimated poses can be used to update the model

with information derived from video, and to re-project

and visualize the video from di�erent points of view

with a larger scene context. Via image registration, we

update the placement of objects in the model and the

3D shape of new or erroneously modeled objects, then

map video texture to the model. Experimental results

are presented for long aerial and ground level videos of

a large-scale urban scene.

1 Introduction
Video cameras are increasingly being deployed on

ground and aerial robotic vehicles. Video provides a
cheap and timely source of information for situation
awareness and surveillance applications. Video im-
agery can be used for robot navigation, for detection
and geolocation of objects in the scene, for construc-
tion of 3D site models and reference imagery of a scene,
and many other applications. An intermediate step
that would serve all these uses is recovery/knowledge
of some representation of camera poses and the scene's
3D structure and appearance.

We envision a progressive strategy to model con-
struction and re�nement, starting with a coarse model
and incrementally re�ning it with information derived
from freely moving video cameras, thereby increasing
the spatial �delity and temporal currentness of the
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model. Geometric models of sites are routinely pre-
pared from architectural drawings, from survey data,
or from image{based photogrammetry [4, 3, 17]. Even
a coarse model built by hand avoids the hard vision
problems of grouping semantically meaningful objects
and extracting the topology of a complex 3D scene. Im-
portantly, it establishes the coordinate system, allows
prediction of occlusion, and provides a base structure
on which to add details and re�ne the model.

The given model often lacks texture information
suitable for registration. A coarse model based on high
altitude remote sensing imagery, for instance, cannot
reliably predict how the surfaces will appear in video
observations at closer range, or under di�erent illumi-
nation and seasonal conditions. Therefore, the �rst key
step in the video exploitation process is estimation and
tracking of the 3D pose of the moving camera w.r.t. an
untextured polyhedral scene model.

The body of work on structure from motion [1, 9]
could be pertinent to 3D scene modeling. But, purely
image{driven methods tend to drift away from met-
ric accuracy over extended image sequences, because
there is no constraint to tie down the estimated struc-
ture to the coordinate system of the real world. That
constraint must come from physical measurements like
GPS, or surveyed landmarks, or from a prior scene
shape model.

Our method for pose estimation is most related to
work on object recognition and tracking. Model{based
alignment by explicitly extracting features from the
image, identifying their correspondence to model fea-
tures, then solving for absolute orientation, is one of
the standard approaches [5, 13], whose drawbacks in-
clude unreliability of feature detectors and combinato-
rial complexity of matching. We follow the alternative
correspondence{less approach, which has been used in
recognition by deformable templates [18] and object
tracking applications [10, 14]. However, our problem
of aligning to models of large{scale environments dif-
fers in that any single image captures only a small part
of the overall scene. Not only does the \object" oc-



cupy a large �eld of view, unlike in the previously cited
works, but there are often pose ambiguities in single im-
ages that should be resolved by combining information
across frames.

The main contribution of this paper is to develop
a potentially real time "direct" method for pose re-
�nement, which simultaneously estimates pose param-
eters and the correspondence between features (Section
2). Tracked features are used to predict the pose from
frame to frame (Section 3) and the predicted poses are
re�ned by a coarse to �ne process of aligning projected
3D model line segments to oriented image gradient en-
ergy pyramids (Section 4). Experimental results are
presented to demonstrate stability of pose estimation
over long aerial and ground{level videos of a large{scale
urban scene (Section 5).

We illustrate the application of this image{to{shape
model alignment algorithm to re�nement of outdoor
scene shape and appearance (Section 6). The same
algorithm also applies to re�nement of object place-
ment. Estimation of a dense parallax �eld can be used
to re�ne the shape of known objects and to represent
objects which have newly appeared or were otherwise
previously unmodeled. The appearance of model sur-
faces can be recovered by mapping texture from the
video frames to the faces of the model.

Finally in Section 7, we show how the visualization
of video can be enhanced by the pose recovery process.
Aerial surveillance video is often unstable and narrow
�eld of view, hence di�cult to comprehend. Aligning it
to a geometric model allows us to re-project and visual-
ize the video from di�erent points of view with a larger
context of the static scene embedded as background.
Alignment of video to true world coordinates also al-
lows us to annotate the video, insert synthetic objects
in it, and �nd the 3D geolocation of image points [12].

2 Pose estimation in a video stream

Pose parameters should be adjusted to maximize the
agreement between image features and projected fea-
tures from a 3D scene model.

The generic estimation problem in a single frame is
expressed as follows. Let Wo and Wi specify the place-
ment of object o and the pose of image i with respect
to a �xed world{centered Euclidean coordinate system.
For example, in the present work Wi is parameterized
by rigid rotation and translation, with �xed camera
calibration. Let the f 'th scene feature belong to the
o'th object in the scene and denote by Xf the position
and attributes of the 3D feature with respect to object
o's local coordinate system. Denote by Ufi the position
and attributes of the same feature projected to the i'th

image, as predicted by the mapping function

Ufi = U(Wi;Wo; Xf ):

Finally, let Ei(Ufi) be some measure of disagreement
between predicted feature Ufi and the observed image
i. The best estimate of pose, given these error mea-
sures, could be de�ned as the Wi that minimizes

ES =
X
f

Ei(Ufi):

Similarly, object placement can be estimated by mini-
mizing w.r.t. Wo.

A descent process must begin from an initial pose
estimate, which can be obtained from various sources.
(Also hidden line and surface removal will need the ini-
tial pose.) In an interactive system, a user can set the
pose for the �rst frame. Physical measurements from
position/attitude sensors mounted on the camera plat-
form may be another source. Finally, when processing
a sequence of frames, the pose can be predicted from
the previous frame's estimated pose Wi�1.

Various prediction functions may be used. In gen-
eral, interframe registration of images i and i� 1, plus
the depth of features in i � 1, can be used to predict
the 3D pose of image i.

To summarize, our current approach sequentially
tracks the pose of a continuous video stream by al-
ternating interframe prediction with image{to{model
pose re�nement. If motion is slow enough, an op-
tion would be to omit prediction (just initialize Wi to
Wi�1). If prediction is su�ciently accurate, an option
would be to omit or reduce the frequency of re�nement.

3 Interframe alignment and prediction
In the present work, we extract corresponding 2D

feature points (Uki; Ukj) from a pair of successive im-
ages i; j by an optical 
ow technique. In order to
support large displacements, 
ow estimation is initial-
ized with the 2D projective motion �eld estimated by
a global parametric motion algorithm [2]. Next, each
Uki is mapped to its corresponding 3D point Xk in the
world via the current estimated pose Wi and current
shape model. Then the initial estimate of Wj is solved
from the set of 3D{2D correspondences (Xk; Ukj) by
the RANSAC method of robust least squares �tting [6].
While the current pose and shape may not be perfect,
leading to errors in Xk and thusWj , this should not be
a problem when Wj will be re�ned by image{to{model
alignment.

4 Alignment to untextured models
Consider the existing model to be a collection of

untextured polygonal faces, such as the outdoor scene



Figure 1. Untextured polyhedral model of
outdoor scene, built using interactive pho-
togrammetric software.

in Fig. 1. Face edges in the given model imply dis-
continuities in surface normal and/or material prop-
erties in the actual 3D scene, which generally induce
brightness edges in the image. Accordingly, the pro-
posed alignment method will select 3D line segments
from the model. We represent the local edge strength
within an image as an energy �eld and vary pose to
maximize the integral of this �eld along the projected
3D line segments, causing projected line segments to
move towards loci of high energy.

We now make speci�c choices for the terms in ES .
Let U() be the perspective projection that maps any
3D model line segment Xf to a 2D line segment Ufi in
the image plane. We take the measure of disagreement
to be

Ei(Ufi) =

Z
u2Ufi

e�Vi(u);

where Vi(u) is a measure of local edge strength at u in
image i.

Optimization. ES might be optimized w.r.t. Wi

via steepest descent. With the natural representa-
tion of �Wi as a translation and a cross product for
small rotation, however, unweighted steepest descent
tends to work slowly when the error surface is highly
anisotropic, and can get stuck in local minima. To solve
this problem, we iteratively increment the current es-
timate Wi by

�Wi = ��B�1

�
@ES

@Wi

�T
; B =

�
@ck
@Wi

�T �
@ck
@Wi

�
;

where each ck is the displacement of one point Uk on
a projected line, perpendicular to the line, as the pose
parameters are perturbed from the initial estimate, and
the average is over all points on all lines. B causes the
update �Wi to be equivalent to moving in the gradi-
ent direction in the space of orthogonalized incremen-
tal pose parameter �Pi. In that space, a unit step in
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Figure 2. Computation of gradient energy in
one sample orientation.

any direction causes �rms, the RMS change in line seg-
ment points, to be 1 pixel. Proof: Take �Pi = ��Wi

where � is any matrix satisfying �T� = B. Then

�Pi = ��

�
@ES

@Pi

�T
and �2

rms =

����@ck@Pi
�Pi

����
2

= j�Pij
2;

so �rms = 1 if j�Pij = 1.

Image Representation. One of the properties of
measure Ei is a degree of robustness against outliers|
either poorly �tting lines or model clutter, i.e. a spu-
rious model feature that has no true matching image
feature. If the projected feature Ufi lies far from any
image feature, e�Vi(u) � 1 along this line, so it con-
tributes nothing to the gradient of ES . But, to reduce
the chance that a projected model line segment, clut-
ter or valid, would be attracted to a falsely matching
image edge, we ignore dissimilarly oriented model and
image edges by taking Vi(u) to be an oriented energy
image tuned to the angle of the model line.

Unfortunately, robustness also means if the error in
initial estimate of pose causes many model line seg-
ments to be projected far from their corresponding im-
age features, steepest descent may not move towards
the true pose. To increase the capture range and speed
convergence, we vary the scale of the energy image
V (u) from coarse to �ne during optimization.

The oriented energy at angle � is computed by the
steps shown in Fig. 2. The source image is di�erenti-
ated in direction � and smoothed in direction � + 90�.
The magnitude of the latter is smoothed in direction
�. This method responds to both step edges and im-
pulses. For computational e�ciency, we quantize ori-
entation to multiples of 45� and scale to powers of 2, as
in a pyramid. A sample oriented energy �eld at coarse
scale is shown in Fig. 3. The projected model edges
before alignment are overlaid on the energy �eld with
closest matching orientation. Movie 1 in [19] animates
the coarse{to{�ne adjustment of these edges during op-
timization.

We have found the capture range of coarse{to{�ne
pose estimation is reasonably large for low complexity
images, and is limited only by the presence of multiple
local minima in ES when the image has lots of edges.



Figure 3. Oriented energy at coarse scale in 4
orientations (dark=high edge strength). The
projected model edges before optimization of
alignment are overlaid as bright lines, on the
energy field with closest matching orienta-
tion. See also Movie 1 in [19].

Thus, it is critical to exploit interframe constraints to
ensure stable tracking over a sequence, such as by us-
ing prediction to initialize Wi in the correct minimum
basin, or by multiframe alignment (Section 6.1).

Model preparation. The 3D line segment features
Xf are culled from the given scene model. Because
models of buildings may be constructed for various ap-
plications besides pose estimation (e.g. architecture),
many model edges will not induce brightness edges in
the image. Even after occluded edge fragments are sup-
pressed, Fig. 4a exhibits model clutter such as edges
occluded by unmodeled objects (e.g. the soil embank-
ment at bases of buildings), edges of structures that
are semantically but not geometrically signi�cant (e.g.
the base of the ledges on 
at rooftops), and edges be-
tween faces meeting at a shallow angle (e.g. triangles
of the terrain model). Although Ei is robust, pose es-
timation can be adversely a�ected if too much model
clutter happens to fall close to non{corresponding im-
age edges. Therefore, it is important to cull the edges
of the polyhedral model to keep those scene features
most likely to induce brightness edges.

Given an initial pose estimate, occluded fragments
of model features can be deleted by a Z bu�er hidden
line removal process. Application{dependent heuris-
tics are then applied, e.g. keeping only model edges
common to exactly two faces, keeping edges only at
large dihedral angles, and ignoring edges near and on
the ground (terrain faces are annotated in the given
model). The line segments left after culling are shown
in Fig. 4b. While the pose and hence occlusions will
change during optimization, it su�ces in practice to
cull model edges �rst when initializing the optimization
and afterwards only if the pose changes signi�cantly.

Figure 4. Model edge culling. (a) After hidden
line removal alone, model contains clutter
that will not correspond to image edges; (b)
Model edges culled by hidden line removal
and additional heuristics.

5 Pose estimation results
5.1 Data

Our experiments involve an outdoor site with build-
ings up to three stories high. A model in Open Inven-
tor format (Fig. 1) was constructed from high altitude
photographs by photogrammetric techniques, using the
GLMX interactive modeling software from General Dy-
namics Information Systems [7].

Aerial image sequences were obtained from video
cameras carried by helicopters, while ground{level se-
quences were obtained from hand{held cameras. Im-
ages were digitized at 720� 480 resolution, at various
frame rates. Since the surface appearance predicted
by the photographs di�er substantially from their ap-
pearance in video, only the shape information from the
model is used for alignment.

5.2 Visual evaluation

The �rst example shows alignment to untextured
model on an aerial sequence of 219 frames spanning a
large range of viewpoints (see Movie 2 in [19]). Wi of
the �rst frame is set manually by picking correspond-
ing points, and the rest of the sequence is processed by
interframe prediction and minimization of ES w.r.t.
the polyhedral shape model. The estimated pose is de-
picted by projecting model edges to the image frames,
as shown in Fig. 5 and Movie 3. Even though the two{
story building right of center in Fig. 5d is absent from
the shape model, the alignment to the rest of the scene
is visually satisfactory.

A second aerial example is shown in Movie 4, with
aligned edges in Movie 5.

A third example shows a ground{level sequence of
100 frames (Movie 6), a challenging case because the
camera is at close range: with fewer features present
at a time, alignment is more sensitive to errors in the
given model. The alignment is shown in Fig. 6 and
Movie 7.

5.3 Quantitative evaluation

Computational complexity of the algorithm is mod-
est. Without optimization of the software, the process-



Figure 5. Alignment of untextured model to
219–frame aerial video sequence, depicted
by projecting model edges to images. The
estimation algorithm uses only a subset of
these edges. Note that a two–story build-
ing right of center in (d) is missing from the
shape model, yet registration works. See
also Movie 3 in [19].

Figure 6. Alignment of untextured model to
100–frame ground–level video; (a) frame 25;
(b) frame 90. See also Movie 7 in [19].

ing time on a 300 MHz MIPS R12000 processor is 18
sec./frame, including interframe and image{to{shape
registrations. An average of 228 point correspondences
per frame are found for interframe prediction, and av-
erage of 101 line segment features per frame are se-
lected for image{to{shape alignment. Unlike feature
correspondence based methods, our algorithm requires
processing entire images during registration, but these
operations are highly regular and amenable to �ne
grain pixel{parallel processing architectures for real{
time performance.

For comparison, we test the ground{level sequence
with our full algorithm and simpli�cations. Accuracy
w.r.t. a baseline estimate is quanti�ed in two ways, er-
ror in pose and median error (over all image pixels)
in predicted 3D scene location. Pose accuracy is im-
portant when, say, driving a robot, but 3D accuracy
is more signi�cant when the goal is to map video onto

the model or to geolocate image points.
Error between two poses Wi; Ŵi is de�ned as the

distance between the two camera locations (center of
projection) and as the angle of rotation in the relative

orientation RiR̂i

�1
. Error in predicted 3D location at

one pixel U is de�ned by projecting it to the points
Xi; X̂i on the polyhedral model via the two poses, then
reporting jXi�X̂ij. Since ground truth is not available,
the baseline estimate is actually computed from manu-
ally picked corresponding points. Using bootstrap [15],
a 90% con�dence threshold T is estimated for each
baseline estimate, i.e. noise in the points would cause
error>T roughly 10% of the time.

Each of the algorithms was run continuously on the
whole 100 frame sequence, and Fig. 7 plots the er-
rors in 11 of those frames. As expected, completely
omitting image{to{shape alignment and just perform-
ing prediction causes tracking to drift o� over time,
even more so if RANSAC is omitted during prediction.
Tracking by prediction and image{to{shape alignment,
without culling out model clutter, diverges catastroph-
ically once the spurious model edges lock onto falsely
matching image features.

The alignment error of our full algorithm does not
diverge and is visually satisfactory; on the other hand,
the measured accuracy seems to leave something to be
desired: up to 1 m in camera center and 2� in rota-
tion, up to 0.5 m in 3D scene point error (compared
to typical camera{object distances of 20{30 m and a
50� �eld of view). Since the pose errors exceed the
con�dence thresholds, the deviations from baseline es-
timates are statistically signi�cant. The problem may
lie less in our algorithm than in our evaluation criteria.
First, 3D point location on distant or oblique surfaces is
naturally more sensitive to pose, but our median error
is w.r.t. all image points. Second, because the given
coarse polyhedral model does not agree with veridical
scene structure, no pose can simultaneously align all
edge features well (e.g. frame 90 in Fig. 6b); the align-
ment algorithm simply �nds a di�erent tradeo� than
the baseline estimate. Resolving this problem will re-
quire re�ning the shape and placement of the objects
in the model.

6 Model re�nement
This section illustrates steps of our progressive strat-

egy to model construction and re�nement following
image{to{shape model alignment. Starting from the
untextured model, we add shape and texture informa-
tion from one video sequence to the model.

6.1 Re�nement of object placement

Some structures in the aerial sequence are not per-
fectly aligned, e.g. the three{story building and a small
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estimate.

box on its roof in Fig. 8a. Since most objects in the
scene are well aligned, there are probably errors in the
given polyhedral model, rather than errors in estimated
camera pose.

As an example of using image{to{shape alignment
to re�ne the placements of these objects, we take Wo,
the placement of the building w.r.t. the world, to be
a 6{parameter a�ne transformation in (x; y) and pure
translation in z. We take Woo0 , the placement of the
roof box w.r.t. the building, to be pure 3D translation.
To estimate either Wo or Woo0 , a frame is chosen in
which the object in question does not dominate the
image area, lest the model errors adversely a�ect the
camera pose estimates, and then ES is minimized w.r.t.
those placement parameters. The improved alignment
is shown in Fig. 8b.

To be precise, for this example we minimized the to-
tal ES summed over a batch of frames, �xing the poses
fWig. Alternatively, to overcome errors in estimating
object placement when the estimates of camera pose
are inaccurate, or vice versa, allWi andWo parameters
could be estimated jointly in multiple frames, akin to
bundle adjustment in structure from motion. For fur-

Figure 8. Refinement of object placement.
(a) enlargement of Fig. 5b, showing errors
in three–story building and structure on its
roof; (b) alignment of model to image after
refining object placements.

ther stability, inconsistency of poses w.r.t. interframe
alignments should also be penalized, e.g. by errorDij in
epipolar constraints of corresponding points (Uki; Ukj)
in frame pairs i; j. The objective function would be
something of the form:

min
fWig;fWog

EM =
X
i

X
f

Ei(Ufi) +
X
i;j

X
k

Dij(Uki; Ukj)

In addition, re�nement of object placement could be
extended to more general deformations by using some
set of parametersWo to describe the sizes and relation-
ships of the object's parts, as in [4].

6.2 Re�nement of surface shape

The true shape of the surfaces in the scene may dif-
fer from the planar surfaces given by the given polyhe-
dral model, even after re�nement of object placement.
Perhaps, between the time of model construction and
acquisition of the current video, the existing objects
could have changed, and objects could be added or
deleted. Some scene objects, especially natural objects
like trees, might be absent from the model because they
are hard to represent using simple polyhedra.

The deviations of the surface shape from the given
model could be represented as a height map associated
with each planar face. Given the previously estimated
camera poses Wi, these height maps may be estimated
by dense 3D estimation techniques from two or more
observed images.

For example, Fig. 9a shows the depth map (1=z)
based on the original model and the pose of Fig. 5d.
The model and depth map omit a two{story build-
ing and the background trees apparent in the image.
Height estimation using the multiframe plane+parallax
approach [8, 11] produces the depth map Fig. 9b, in
which the shape of the newly added building and the
previously unmodeled trees have been recovered.



Figure 9. Refinement of surface shape. (a)
Depth map implied by original model for the
frame shown in Fig. 5d; (b) Estimation of
residual parallax reveals previously unmod-
eled building and background trees.

6.3 Static surface appearance recovery

The given untextured model can be populated with
pixels from the video sequence, using the estimated
camera poses and object placements. We approximate
the brightness to be constant, independent of the view-
point, and assign each surface pixel a color value which
best represents all the given images.

Speci�cally, we construct a separate texture map for
each polyhedral face in the model. To choose the color
value for point X on a face, X is mapped to every im-
age i via its U(), using the previously estimated height
maps, object placement parameters, and camera pose
parameters. Z bu�ering is used to detect and discard
those fUig which are occluded by some other face.

The easiest way to combine the color values at the
fUig points would be to average them, but that would
ignore the possibly unequal quality of the images. The
highest resolution and most frontal view of the face
gives the most information about the surface appear-
ance. Image resolution (e.g. in pixels/meter) can be as-
sessed by the smaller singular value �1 of the Jacobian
@Ui=@Xk, where Xk is measured in a 2D face{aligned
coordinate system. (For a perfectly planar face, �1 is
computed from the homography mapping Xk to Ui.)
Thus, we set the color of X from point Ui in the frame
i with maximum �1.

The color and brightness at corresponding points in
di�erent images might not be identical, due to camera
gain variations and non-Lambertian surface materials.
Abruptly switching between di�erent source frames
while computing a single face's appearance would then
cause seams to appear in the texture map. This artifact
is mitigated through multiresolution blending [16].

The original polyhedral model, textured using in-
formation from the aerial video sequence, is rendered
from novel viewpoints in Fig. 10 and Movie 8 in [19].
While such a model is static, losing any temporal infor-
mation such as moving objects, representation in terms
of graphics objects is a more compact encoding of the

Figure 10. A view rendered from polyhedral
model, with textures recovered from the en-
tire aerial video sequence. Blank areas were
never seen by the moving camera. See also
Movie 8 in [19].

scene than the original images. It also facilitates syn-
thesizing views in which objects are changed, added, or
removed, or in which environmental conditions (light-
ing, fog, etc.) are modi�ed.

7 Visualization of dynamic scenes

In a surveillance application using simultaneously
deployed moving cameras, it is di�cult for a human
operator to fuse and interpret real{time video streams
displayed on separate viewing screens. The relation-
ship of the streams to the larger environment is not
evident from the images, which may be unstable and
narrow in �eld of view. Ideally, a visualization should
portray the world as if the user were actually looking at
the live scene, decoupled from the paths of the cameras
that are collecting the imagery.

Our approach registers all video frames to the model
so that images from several cameras at the same time
instant can be projected onto the model, like 
ashlights
illuminating the scene, which is then rendered for any
user{selected viewpoint. In the context of the scene
model, it becomes easy to interpret the imagery and
the dynamic events taking place in all streams at once.
For example, in Fig. 11, the images from two low{
altitude oblique{facing video cameras are both pro-
jected onto the untextured model and rendered from
a high{altitude down{looking viewpoint. People can
been seen walking around on the ground in Movie 9
in [19], which should be viewed to fully appreciate this
mode of visualization. Additional examples are found
in Movies 10 and 11.

8 Conclusion

We have developed an algorithm to align video im-
agery to an untextured polyhedral shape model of a



Figure 11. Integrated visualization of two
video streams, superposed onto untextured
model. Movie 9 in [19] should be viewed to
fully appreciate this mode of visualization.

large{scale indoor or outdoor scene. Camera pose and
object placement parameters are estimated by align-
ing 3D model line segments to oriented image gradi-
ent energy. Experiments on aerial and ground{level
video sequences show that RANSAC{based interframe
prediction and culling of model clutter are critical for
reliable tracking over time.

We continue to generalize image{to{model align-
ment, and enhance its accuracy and reliability. Pose
and placement ambiguities in a single frame, due to
sparse features or scene clutter, could be overcome by
exploiting multiframe constraints. Once some surface
texture is recovered, further model re�nement could
be based on aligning images to a textured polyhedral
model, as long as the appearance (e.g. resolution, il-
lumination, season) of the new video is not vastly dif-
ferent from the model. Additional constraints based
on mechanics of the camera platform could be incorpo-
rated, such as dynamical models of the trajectory and
readings from position/attitude sensors. While such
sensors or manual correspondences are currently relied
on to initialize the pose of the �rst frame, coarse search
and indexing could obviate these external inputs.

Camera pose recovery alone is generally useful for
motion control and navigation of robots, but our prime
application is video{based model re�nement and vi-
sualization. We have shown how pose estimation �ts
into a progressive strategy of model construction from
video, including re�nement of model shape, recovery
of surface appearance, and visualization of dynamic
scenes, although these components are not yet inte-
grated into a single automatic process. Scene repre-
sentation strategies, such as combining shaded surface
models (object{based rendering) with view{dependent
texture and parallax maps (image{based rendering),
need to be advanced in order to reach the goal of au-
tomatic scene modeling and visualization.
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