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Abstract
This paper ezamines the construction of a detailed
3D surface model of an object rotating in front of a sta-
tionary video camera. An algorithm is developed which
integrates repeated stereo views of a rotating object into
a 3-D model of the object. Starting with disparity esti-
mates obtained using an eristing stereo algorithm, the
algorithm presented here obtains the true depth of the
recovered points. As the object is rotated in front of
the camera, these points are then used to construct
an octree representation of the object. The resulting
representation provides a full 3D representation of the

objects visible exterior surfaces.

1 Introduction

Computer aided design and manufacturing are
rapidly growing fields in modern industry. The flexi-
bility and speed at which designs can be altered, exam-
ined and manufactured make these technologies very
popular. One drawback of these techniques is the need
to produce computer representations of existing ob-
Jects in order to be able to integrate new designs with
existing equipment. In this paper we present a tech-
nique for obtaining a 3D computer model of an already
existing object. Utilizing a single video camera and a
rotating stage, the algorithm presented here integrates
repeated stereo views of the object as it rotates into a
full 3D surface model. This is an initial step towards
the automatic construction of full 3D surface model
of objects, suitable for inclusion within a CAD/CAM
model of an environment.

3D shape modeling is a fundamental research is-
sues in computer vision. The underlying problem
is the development of object representations which
are sophisticated enough to model interesting objects,
yet which are simple enough to permit recognition or
construction from images or other sensor data. A
variety of surface-based models have been proposed,
including generalized cylinders[1], superquadrics[11],
deformable finite-element models[14], and volumetric
models such as octrees[7,10]. Once a particular repre-
sentation has been chosen, there still remains the task
of extracting visual information in order to build up a
description of the object. For relatively small objects,
one common approach to obtaining visual data from a
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Figure 1: Definition of Disparity The disparity of

a point refers to the angular difference in position of
the image element in the two eyes. Given a fixation

" point, such as the circle in the figure, disparities may

be crossed(ds), uncrossed(d; ), or zero(dy), relative to
the fixation point.

large portion of the objects exterior is to examine the
object as it rotates in front of a single stationary cam-
era. The object can then be reconstructed by inter-
secting multiple silhouettes of the object as seen from
different views[13,3]. This is a very limited technique
as only boundary information is available, thus dis-
carding potential information from the textured sur-
faces of the object. As the object rotates in front of
the camera, sequential views are equivalent to left and
right image pairs obtained by a converged binocular
viewer. Thus an existing stereopsis algorithm (such as
(4]) should be capable of obtaining dense matches be-
tween pairs of images, and these dense measurements
should give rise to a more complete model of the object
as it rotates.

A stereopsis algorithm gives a relatively dense set
of image disparity measurements for each pair of ro-
tated views of the scene without special lighting. The
recovered disparity results are converted to true 3D
coordinates and then represented as an octree. Rep-
resenting the recovered data in an octree allows the
algorithm to represent arbitrarily shaped 3D models.
Experimental results show the promise of the tech-
nique.

2 Stereo

The shape from rotation algorithm relies on the use
of a stereopsis algorithm to recover the disparity be-
tween successive views of feature on the surface of the
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object. The disparity and 3D position of a feature
point are related, where:

e Disparity refers to the angular difference in po-
sition of the image element in the two eyes.

o Distance refers to the objective physical dis-
tance from the viewer to the object, usually mea-
sured from one of the two eyes.

e Depth refers to the subjective distance to the
object as perceived by the viewer, usually mea-
sured relative to a fixation point or some other
three-dimensional point.

As can be seen from Figure 1, disparity varies with
the relative position of objects. Suppose the eyes are
fixating at a particular point (for example. d in Fig-
ure 1). Objects in front of the fixation point (for exam-
ple, d3 in Figure 1), have convergent (or crossed) dis-
parities, objects beyond the fixation point have diver-
gent (or uncrossed) disparities relative to the fixation
point (for example, d; in the figure), and objects at
the fixation point have zero disparity[5]. As an object
moves away from the fixation point, its disparity in-
creases in magnitude. Given the viewing parameters,
it is straightforward to derive the relationship between
distance and disparity (details for the rotational case
are given later in this paper). The critical problem,
however, is how should the disparity be measured?
Marr[9] proposed that there are three steps involved:

1. A particular location on a surface in the scene is
selected from one 1mage.

2. The same location is found in the other image.

3. The disparity between the two corresponding im-
age points is measured.

When two corresponding image points are identified,
the actual computation of distance involves a simple
geometric transformation.

In the past, the task of recovering surface height
from two images of a scene has usually been ex-
pressed as either a correlation or correspondence pro-
cess. Even though both methods have given some
limited success, neither method has reached the per-
formance associated with the human visual system.
Correlation based processes encounter problems with
perspective projection, interocular illumination differ-
ences, non-zero disparity gradients, and images that
contain too much or to little structure. Correspon-
dence based algorithms, on the other hand, reduce
the computational problem to one of token matching
by representing the signal as a sparse set of complex
tokens. The resulting depth information is at least as
sparse as the density of the monocular token used, and
the problem of inferring the surface from these tokens
can be formidable[§].

More recently, a number of researchers have pro-
posed that stereo (and motion and form) processing
should be considered as the task of measuring the lo-
cal phase difference between bandpass filtered version
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Figure 2: Camera System Calibration

of the monocular signals[4,8]. These new local phase
based techniques have shown some improvements over
these earlier algorithms. They provide a rich and
dense set of disparity measures over a large class of
image textures. The measurements provided are ide
ally suited to our requirements. Thus, in the work
presented here we utilize a stereopsis algorithm based
on local phase difference developed by Fleet, Jenkin
and Jepson[4] to measure the disparity between a pair.
of images. For more details on the technique, the in-
terested reader is directed to [4]. "

3 Framework

The shape from rotation algorithm developed in
this paper converts a series of images into a 3D model
of the object. In order to map disparities into an
object centered coordinate system, the experimental
setup must be calibrated. One approach to calibration
is to image a known 3D reference model, and to use
the known position of points on the object to calibrate
the system. In order to automatically determine the
object’s rotation angle without the use of any addi-
tional sensors, a rotational stage which gives a precise
measure of the rotation was used. A black background
was placed behind the turntable so as to reduce the
effect of background texture.

The actual shape from rotation algorithm operates
in the following stages.

1. The camera system is calibrated. The transfor-
mation between the camera image coordinates
and the 3D world coordinate system is computed
through a known 3D model such as a cube (se¢
Figure 2). '

2. The disparity between successive image pairs is
extracted using an existing stereo algorithm. The
first image is considered as the left image and
the second image as the right image for the first
processing pair. In the next iteration the second:
image is the left image and the third image is the
right image for the second processing pair, and
SO on.

3. After running the stereo algorithm on a pair of
images, the disparity of the image points are ob-
tained. As the camera system has been cali-
brated, it is possible to compute the true depth of
each recovered point in the image (this is covered
in a later section).
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Figure 3: Experimental set up

4. The recovered points (x,y,2) of the image are rep-
resented in an octree.

3. Go back to step 2, repeat the processing for a
complete 360° rotation of the object.

4 Camera Calibration (after Horn[6])

The experimental set up of the shape from rota-
tion experiment is shown in Figure 3. The camera
I8 positioned in front of the turntable with the cam-
era’s focal axis roughly aligned with the Z axis of the
turntable. An object, such as a cup, is put on the
- center of the turntable. An object based co-ordinate
system is centered on the top of the rotation platform,
with the Y axis pointing up from the platform, and X
and Z lying on the rotation plane. A calibration grid
on the turntable defines the X and Z direction. There
are many different techniques available for calibrat-
Ing a camera system. Following Horn[6], a calibration
object is used to experimentally determine the trans-
formation from the object to image co-ordinate.

Assume a pin-hole camera model as shown in Fig-
ure 2. Let (u,v) be the image of a point (z.,y., z.)
In the camera coordinates system and let f be the fo-
cal length of the camera. Furthermore, let (z,,y,, 25)
be the co-ordinate of the point in the rotating stage
- coordinate system.

Point (z.,y., z.) and point (4, Ya,z,) are related
as follows:

Te 11 Ti2 713 Ti4 Tq

B | "1 Tooo Tz Tog Ya (1)
Ze T31 T32 T33 T34 Za

1 0 0 0 1 1

Where the r;; elements define the transform in homo-
geneous co-ordinates to map one coordinate system
to the other. In an ideal case (u,v) are related to
(2e,9e, 22) by (u = fee/2e,v = fy./2.). In an electro-
Optical system, it may be very difficult to ensure the
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rotation, skewing, and shearing. This transformation
can absorb all of the departures from the ideal situa-
tion as follows:

e Scaling error, due to inaccurate knowledge of fo-
cal length (f).

¢ Translation error, due to inaccurate knowledge of
the origin.

¢ Rotation error, due to inaccurate knowledge of
1Image sensor rotation.

o Skewing error, due to departures from orthogo-
nality in the sensor.

o Shearing error, due to unequal scaling in the im-
age axes.

Note that this does not deal with all possible im-
age distortion, as radial distortions of the camera are
not modeled, for example. Assuming that the calibra-
tion can be modeled as an affine transformation, the
Imaging process can then be modeled as:

u/f a1 aiz aig -’Bc/zc
v/f | =| a1 ax ass Ye/2¢ (2)
1 0 0 1 1

so that

u/f = (a112. + a12y. + a13zc)/zc 3)
”/f = (021% + az2y. + azazc)/zc

Combining (1) with (3) and simplifying, results in:

u/f = TaA1 + Yo By + 2,C1 + D, /E )
’U/f = (z A, + Yo Bs + 2,C9 + D, /E
where
A1 = an1711 + a10721 + ayars;,
By = a11712 + a15722 + ay3r3s,
C1 = a11713 + a12723 + ag37a3,
Dy = ay1r14 + ajores + @13T34,
A2 = a21711 + agarae; + agars;, )
By = as1r12 + agares + G23T32,
Ch = a21713 + a20723 + as3rs,
Dy = a31714 + agoray + @23T34,
E = r3124 + r30ys + razze + ras.
Defining

(6)
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then (4) can be written as:

U _31%Ta+32Ya+3324+354

¥ S9Ta+S10Ya+5112a+512 (7)
v — _S5Ta+S6Yat+STZatss

f S9Ta+310Ya+S11%a+512

The problem is to determine the twelve unknowns of
the transformation. One way to proceed is to use a
number of calibration points whose coordinates are
known in the external system. The transformation
can be recovered if we measure the coordinates of the
corresponding points in the image. Each measurement
results in one pair of linear equations:

u(S9q + S10Ya + 51124 + S12)—

f(s124 + S2Ya + 5324 +84) =0 @
v(S9Z4 + S10Ya + 51124 + S12)—
f(Ss.Z‘a + S6Ya + S72a + 38) =0

Six image measurements are required to solve for
the twelve unknowns. However, these equations are
homogeneous. In other words the transformation is
not affected by uniform scaling of all coefficients so
that there are actually eleven degrees of freedom.
Without any further assumptions, six image measure-
ments will be more than enough to solve the equations.

The two constraints induced by a single measure-
ment can be written in the formu.c = 0and v-c = 0,
where

u=
(_fzaa _fyay '_fza, _f: 0) 0: 0’ O,U.’Ba, UYa, uza,u)T,

V=
(0) 0’0: 07 —f-'l:a, '—fya, _fza, _f7 VTa, VYa, vza’v)T;

¢ = (51, 52, 53, 54, 55, 56, 57, 58, 59, 510, 511, 512)” -

9

Given six image measurement vectors u;, and v,-E i}c

is possible to solve for the vector ¢. More practically,

additional measurements should be used to improve

accuracy. It is then no longer possible to find a set of

coefficients that will make all of the constraint equa-

tions exactly equal to zero. Instead, a least squares

approach is used to solve for ¢ when one of the coeffi-
cients (s12) is 1.

5 Recovering Depth

Once the unknown vector ¢ has been recovered,
the depth of the image point and its true 3D point
(za, Ya, 2za) can be computed as follows: Assume that
an image point (4, Ya, 24) is projected at time ¢ to
uy,v1), and that at time t+1 it is projected to (ug, v2)
after the platform rotating by an amount A). Then,
iy = sy, whene dispisthe havizontal component,
of the disparity obtained using the stereo algorithm.
To solve for the unknown point (24, ¥4, 24), the follow-
ing linear functions must be solved:

31Za+32Ya+332a+s4

$9Ta+310YatS112,+1"
S5Ta+S6YatS72a+Ss

$9Za+S10YatS112a+1"
$12%a+82Ya+3132a+354

$14Ta+3810Ya+S152¢+1"

(10)
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Figure 4: (a)A staircase (b)Octree representation of
the staircase
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where
S12 = s1c0sf — s3sind,
s13 = s3cosf + sy1sinb, 1
$14 = Sg9cosf — s1151n0, (11)
s15 = s11c080 + sgsinf.

The 3D point (:ca, Ya, Za) can then be found by solving
the following linear system:

u1s9 —s1f  uisio— sa2f

u1511 — s3f Zq
v1sg — s5f  wvisi0o—sef visi1—s7f Ya
ugS14 — S12f u2s10 —s2f uzs1s —s13f Zg

fsa—wy
=[f58—'01 } (12)
fsa —uo

6 Representing 3D objects

An octree is used to represent the 3D points that
are recovered. A rectangular octree is a regular cellu-
lar decomposition of the object space (universe) [2,12].
The universe is subdivided into eight cells of equal size.
If any one of the resulting cells is homogeneous, mean-
ing that it lies entirely inside or outside the object,
the subdivision stops. On the other hand, if the cell is
heterogeneous, that is, intersected by one or more of
the object’s bounding surfaces, the cell is subdivided
further into eight subcells (see Figure 4). The subdi-
vision process stops when all the leaf cells are homo-
geneous to some degree of precision. The advantage of
using an octree representation is that any arbitrarily
shaped object, can be represented to the precision of
the smallest cell.

All the 3D points recovered from the first image
pair are inserted directly into the octree. All other 3D
points that are recovered from later pairs of images
are rotated about y axis by A8, where Af is the rota-
tional angle of the left image, and then inserted into
the octree. As mentioned before, Af can be directly
read from the rotational stage.

7 Experimental results

Some preliminary results with the shape from rota-
tion using stereo algorithm are given in the following
figures. A simple calibration object is used for cal-
ibrating the camera system and rotating platform as
discussed above. Each image is digitized to 128x128x8
bits. An existing stereopsis algorithm(4] is used to
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Figure 5: first image in rotation sequence of a coffee Figure 8: first image in rotation sequence of a toy
cup
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Figure 9: 16 different orientation views of the recov-

Figure 6: 16 different orientation views of the recov- ered toy

ered cup
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Figure 7: views of different sliced layers of the recov- Figure 10: views of different sliced layers of the recov-
ered cup ered toy
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determine the disparities estimated from successive
frames and their uncertainty, which gives quite good
results. Figure 5 shows the first frame from the rota-
tional sequence of a coffee cup. The cup was rotated
5° between measurements. The recovered 3D object
viewed from 16 different orientations is given in Figure
6. Figure 7 shows the same reconstructed object sliced
into layers. Note that poorly textured regions give
fewer responses than highly textured regions. This
results from the stereo algorithm which is unable to
obtain reliable disparity estimates for regions which
lacks texture. The general shape of the cup (and the
rotating platform) have been recovered. The hollow
nature of the cup, and the handle are clearly visible.

Figure 8 shows the first frame of the rotation se-
quence of a toy figure. The recovered object and slices
of the recovered object are given in Figure 9 and 10.
The 3D structure is clearly visible.

8 Discussion

The techniques described in this paper perform 3D
shape reconstruction with rather simple equipment.
The calibration system is rather simple, and no spe-
cial light sources are required. Furthermore, since a
general stereo algorithm and octree are used to recon-
struct the object, the object can be of any shape.

Shape from rotation using a stereo algorithm is a
very practical approach for building 3-D models from
a sequence of images. The goal of this work is to pro-
duce a locally accurate model of shape and intensity
with relatively simple equipment and non-restricted
models. As such, it should be useful in a variety of
robotics and computer vision tasks, as well as pro-
viding novel input for objects to be used in computer
animation systems.

Some tasks remain. An analysis of the error of
the recovered 3D surface remains to be done. In ad-
dition, a process is required to trim isolated spuri-
ous responses from the object description and some
mechanism should be used to merge the recovered
data points into a surface or more compact volumetric
model of the object. These topics are currently under
investigation.
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