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Abstract.

Model-based invariants are relations between model parameters and image measurements, which are
independent of the imaging parameters. Such relations are true for all images of the model. Here we
describe an algorithm which, given L independent model-based polynomial invariants describing some
shape, will provide a linear re-parameterization of the invariants. This re-parameterization has the
properties that: (i) it includes the minimal number of terms, and (ii) the shape terms are the same
in all the model-based invariants. This final representation has 2 main applications: (1) it gives new
representations of shape in terms of hyperplanes, which are convenient for object recognition; (2) it
allows the design of new linear shape from motion algorithms. In addition, we use this representation to
identify object classes that have universal invariants.
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1. Introduction The analysis of invariants arose much interest
in computer vision and pattern recognition. As
we use the concept here, an invariant is a relation
between the image measurements and the model
(or shape) parameters. This relation does not de-
pend on variables of the imaging process, such as
the camera orientation (viewing position). There
are 2 types of invariants:

An image provides us with relations between 3 dif-
ferent kind of parameters: image measurements,
shape parameters, and imaging parameters (e.g.,
camera parameters). Here we restrict ourselves to
the domain of multiple points in multiple frames,
where the image measurements are 2D point co-

ordinates, and the shape parameters are 3D point Model-free invariant: there exist image mea-
coordinates. There has been much interest in re- surements which always identify the object,
lations involving only image measurements and so that their value is completely determined
imaging parameters (e.g., the epipolar geome- by the object regardless of the details of the
try and the essential matrix [8]). In this paper imaging process. This is usually called an in-
we are interested in the dual relations involving variant in the literature. Such invariant re-
only shape measurements and imaging parame- lations do not exist for 2D images of general

ters, which are called model-based invariants. 3D objects [1, 10]; for special classes of ob-
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jects, such as planar or symmetrical objects,
invariant relations may be found [10, 12].

Model-based invariant: a relation which in-
cludes mixed terms, representing image mea-
surements or model parameters. Model-based
invariant relations exist for many interesting
cases [16].

Typically, model-based invariants are complex
polynomial relations between the known image
measurements and the unknown shape parame-
ters. In the external calibration literature, where
the dual relations between camera parameters and
image measurements are ordinarily used, it proved
very useful to re-parameterize the original rela-
tions in a linear form; this turned the computation
of camera parameters into a linear problem. Obvi-
ously the problem is linear in some new variables,
that could be complex functions of the original
camera parameters. Examples are the epipolar
geometry with the essential matrix [8] or the fun-
damental bilinear matrix [9], the trilinear tensor
[14, 5], and the quadrilinear tensor [15, 18, 4].

In the context of model-based invariants, this
lead us to the following questions:

Given a model-based invariant, how do we
find its “optimal” (or most compact) linear
re-parameterization? in other words, how do
we rewrite it with the minimal number of
terms, that truly reflect the number of de-
grees of freedom of the system? Given L
model-based invariants, what is the simulta-
neous minimal linear decomposition of these
relations?

By simultaneous we specifically mean that the
shape terms are the same in all relations. The
reason we seek such simultaneous decomposition
of model-based invariants is that when the shape
terms are the same, all relations can be used si-
multaneously in applications such as direct shape
reconstruction.

Our attempt to answer these questions was mo-
tivated by two applications: one is object recog-
nition, the other is 3D reconstruction:

e If shape is reconstructed from images for the
sole purpose of recognition, the parametric
representation of the shape in the model-

based invariants captures all the relevant in-
formation on the shape. Our algorithm pro-
duces a set, of L linear relations with a minimal
number of terms (these are the equation’s un-
knowns), say n. We would now need at least
[#] frames to compute shape. This automat-
ically gives us new linear shape reconstruction
algorithms, which are likely to be more robust
than other linear algorithms. Often the shape
(or depth) can be computed directly from the
reconstructed models, as will be shown in the
examples below.

¢ C(Clearly, for the initial indexing step in object
recognition, model-based invariants are most
suitable (imaging parameters may be com-
puted and used later during the verification
step). More specifically, a model-based in-
variant represents a relation between image
measurements and shape parameters that is
true in all images of the model. The database
which includes these models may be thought
of as a big multi-dimensional table, where an
object corresponds to the manifold defined by
its model-based invariant, and individual im-
ages are points on (or pointers into) these
manifolds. In such a framework indexing is
quick (but the representation is very space in-
efficient).
Our algorithm provides an automatic tool
to compute low dimensional linear represen-
tations of the model-based invariants; when
used, these representations simplify the com-
plexity of the recognition process by reduc-
ing the indexing complexity. In other words,
the representation of objects is made sim-
pler because simple manifolds - hyperplanes -
are stored; recognition is made easier because
an image provides a pointer - a point which
should lie on the hyperplane representing the
object depicted in the image.

One other application motivated our work:
model-based invariants have a special meaning
when the number of linear terms is no larger
than 2. In this case it is possible to separate the
shape dependency from the dependency on image
measurements, and get a model-free invariant - a
“true” invariant. Such invariant relations do not
normally exist [1, 10] unless the class of objects is
restricted [10, 12]. Our theory allows us to iden-
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tify the kind of class constraints that can be used
to reduce the number of linear terms, so that a
model-based invariant becomes a model-free in-
variant.

In this paper we assume that a set of L model-
based invariants, which describe the images of
some set of objects, is initially given. In Sec-
tion 3 we describe an algorithm which produces a
linear re-parameterization of the invariants, with
minimal number of terms. In Section 4 we gen-
eralize this algorithm to produces a linear re-
parameterization of the L invariants simultane-
ously, such that at the end the shape terms are
the same in all the re-parameterized model-based
invariants.

Jacobs [3, 6] studied the complexity of invari-
ants and model-based invariants in their raw form.
In [6] he showed that for 6 points in a single per-
spective image, there exists a nonlinear model-
based invariant with 5 unknowns. We obtained a
linear re-parameterization with 5 terms, thus the
linear representation is no more complex than the
nonlinear one in this example. In ECCV ’96 [19]
we reported a follow up of the basic technique de-
scribed in Section 3: we united two approaches,
the elimination discussed in [18] and the linear re-
parameterization of one relation described in Sec-
tion 3, to accomplish an automatic process that
optimizes indexing given a general vision problem.

2. Model-based invariants for n projective
points in 1 image

To demonstrate the procedures described in Sec-
tions 3,4 we will work out 2 examples in detail,
where the model is of 6 or 7 points and the pro-
jection model is perspective. We start by using
homogeneous coordinates to represent the 3D co-
ordinates of the points; thus the representation
of the i-th point is P; = [X;,Y;, Z;,W;]T € P3.
Since we are working in P>, 5 points define a ba-
sis; we select the first 5 points to be a certain
(robust) projective basis, leading to the following
representation of the 3D shape of the points:

P, = Py =

o

I
_o O =
—_— O = O
— -0 O

1 X, X5

_ 1 YN Y

Py = 1 Ps = Z P = Zo
1 Wi W

Similarly we use homogeneous coordinates to
represent the projected 2D coordinates of the
points; thus the representation of the i-th image
point is p; = [z;,y;,w;]T € P2. Since we are work-
ing in P?, 4 points define a basis; we select the
first 4 points to be the projective basis, leading
to the following representation of the image of the
points:

1 0 0 1
pr = [0 ]pe=(1])ps=|0]|psa=1]1
1 1 1 1
[oN) ajq (15)]
bs = bo |ps=1| b1 | pr =1 b2
Co C1 C2

Given any image of the points, we can always com-
pute the 2D projective transformation which will
transform the points to the representation given
above.

In [2] we showed how to compute model-based
invariants in such cases. In this section we review
these relations for the special cases of 6 projec-
tive points and 7 projective points. Note that the
model-based invariants listed below have many
terms. Clearly these expressions are of little value
for linear reconstruction and indexing unless we
can re-parameterize them in a “simpler” way.

2.1. Model-based invariants for 6 projective
points

The model-based invariants in this case are ob-
tained from the observation that the following ma-
trix has rank 3 [2, 4], and thus its determinant
should be 0:

Co 0 —ag Co — Qo
0 co —bo co — bo
C1 X1 0 —Qa1 Z1 C1 W1 — a1 W1

0 C1 Y1 —b1 Zl C1 Wl - b1 W1

This gives the following constraint (see deriva-
tion in [2, 17], cf. with [11]):
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aob1 Z1Y1 + 61}/121)0 — 01X12a0 — 0,00,1Z12 +
a0b1Z12—b1Y12b0—|—coa1Z12—cob1Z12—b0a1Z12+
bob1 Z1* + a1 X1%ag — a1YiaoX1 + a1YiaoZ1 +
a1Y1iboZy — Yia1Z1¢co + coa1Z1 Xy — cob1 Z1Y1 —
boa1 Z1 X1 — a1Y1boZ1 — ec1 X1Y1bo + X1b1Y1bo +
a1 X1Yiag + Xiagh1 Z1 — e1 X1a9Z1 + co X101 21 —
Xi1bob1 Z1 + c1 X1aoW1 — cgar Z1 Wi + eob1 Z1 W4 +
a0a1Z1W1 — a0b1Z1W1 + b1Y1b0W1 + b0a1Z1W1 —
bob1 Z1 W1 — 1 YiboW1 — a1 X1aoW1 —2X101Y1a0 +
2(11Y1b0X1 =0

2.2.  Model-based invariants for 7 projective
points

The model-based invariants in this case are ob-
tained from the observation that the following ma-
trix has rank 3 [2, 4], and thus each of its 15 4 x 4
minors should vanish:

[ Co 0 —Qyp Co — Qo W
0 Co —bg co — bo
C1 X1 0 —al Z1 C1 W1 — a1 W1

0 aYi -z acaWi—bi Wy
C2 X2 0 —a2 Z2 Co W2 — a3 W2
0 Yo —baZy coWo—baWo

In [2] we show that there are only 4 algebraic
independent constraints which involve all 7 pro-
jective points, one of them is the following (the
other 3 look similar):

—b1Y1bgaasWa — cob1 Z1¢c2Z5 — cob1 Z1c2Ys — 2 X2c1Y1bg —
c2X2bob1Z1 —cob1 Z1a2Wa —a2X2b1Y1bo +a2X2apc1 X1+
c2X2a0b1 71 — a2Y2b1 Z1bo +c2 X2b1Y1bo + aob1 Z1a2Wa —
a2 X2a0b1Z1 + a2 Xobob1 Z1 + b1YiazZ2bo + coca Xab1 Z1 —
coa2X2b1Z1 + a2 X2c1Y1bo + apgb1 Z1¢c2Z2 + agb1 ZicaYs +
a2Y2b1 Z1ag 4 a2bob1Y1Y2 + cob1 Z1coWa + aparaxZ1Z> —
ara2c021Z2+a1a2boZ1Z2 —apara2 X1 X2 —aob1 Z1caWa+
c2Xac1Yiao —c2 Xaaoc1 Z1+az Xaapar Wi+az X2a1Yiao—
c2X2a1Y1a0 — a1Y1a2Z2a0 + c2Yaboc1Y1 + bob1 Z1a2Wa —
bob1 Z1caWa—a2 X2a0a1 71 +a1 X10002 Z2+c2 X2a0c1 W1 —
c2X2a0a1 Wi +a1X1boazZz +aoazZzc1Y1 —apaxZac1 Z1+
aga2Zrc1Wi1—agazZra1 W1 —a1X1a2Y2bg+coc1 X1a222 —
coa1 X1a272 — a2Yaa1 Z1bo + c2 X2a1Y1bo — a2 X2c1Yiao +
a2 Xaaoc171 —az Xaapci W1 —c1 X1boaz Za+c1 X1a2Yabo —
a2 X2a1Y1bo — boazZac1 71 +boazZaci Wi — coaz Zac1Y1 +

coazZac1 21 — coaz Zaci Wi —boaz Za2a1 Wh +bob1 Z1c2Z2 +
bob1 Z1c2Ye — Z1biboas Za — Zi1biaoazZ2 — a2Yabi Zico —
b1Y1bocaZa — b1Y1bocaYa — c1 X1a0a2 Z2 + ca X2aoa1 71 +
ZicobraaZs —a1YibocaYa — a1 YibocaZ2 + a1 YibocaWa —
a1Y1boasWa +a1Y1a2Z2co + a2Yaboc1 Z1 + a2Yoboa1 Wi —
a2Yaboc1 Wi +coazZ2a1 Wi +c1Y1boaas Wa —c1Y1boeaWa +
c1Y1bocaZ2 + a1 X1a0c2 Xo —c1 X1apca X2 + b1 YibocaWa +
2b1YiasZoco—2c2X2b1Y1a0+2a3 Xab1 Yiao—2boas Zac1 Y1+
2a1Y1a2Zsbg — 2b1 Y102 Z3a9 = 0

3. Minimal linear invariant: one relation

Let S denote the set of parameters describing the
object shape. Let D denote the data - a set
of image measurements. Let 7 = {f!(S,D) =
0}, denote the set of independent model-based
invariants; we assume that each model-based in-
variant is polynomial.

We start with the simple case where 7 includes a
single relation I : f(S,D) = 0. We seek a decom-
position of f() in the following compact way, ex-
plicitly separating image variables D from shape
variables S:

£(8,D) = gi(S) x hy(D) =0 (1)
k=1

gr and hj, are polynomial functions of the shape
S and the image D respectively. We call (1) the
canonical representation of f(S,D). Note that if
f(S,D) is algebraic, as we assume here, such a
decomposition always exists.

In the simplest case where r = 2, (1) would
become:

~5
~~
wn
g
I

hi(D)g1(S) + h2(D)g2(S)

Thus if r = 2, the model-based invariant f() =0
is really a model-free (a “true”) invariant.

3.1. Algorithm

The algebraic expression f(S,D) = 0 can always
be written as a sum of multiplications since f() is
polynomial; we start by arbitrarily choosing one
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such representation for f(S,D):
f(S,D)%quijsidj:S-Q-dTZO (2)
i=1 j=1

where ¢;; are constants, s; and d; are distinct
products of element of S and D respectively, s =
[$1y.--y8n), d =[d1,...,dp], and @ is the n x m
matrix whose elements are g;;.

Definition 1. Q is the complexity-matrix of
the relation f(S,D) = 0.

Theorem 1. The minimal linear decomposi-

tion f(S,D) = > gx(S) *x hp(D) has r terms,
k=1

where v is equal to the rank of the complexity-
matriz Q.

Proof: The theorem follows from (2), the
fact that elementary operations on the rows and
columns of a matrix are algebraic operations, and
because the rank of a matrix is the minimal num-
ber of outer products of vectors that sum to the
matrix. Note, however, that this representation
obtains the minimal number of terms in a limited
context, where a term can only be a linear combi-
nation of s;’s or d;’s. O

Algorithm to compute the minimal linear
model-based invariant:

1. Compute the SVD (or similar) decomposition
of Q = USVT; the rank of Q is equal to the
number of non-0 elements in the diagonal ma-
trix X.

2. By construction

f(8,D) = sUSVTd" =g(S)-h"(D)
Zgi(s)hi(D)

,9r(8)] = sUVE

R
92]

SN
[

[91(S),. ..

[hl (D)7 LR} hr(D)] = dV\/E

=
S
I

Although the rank of @ is unique, the decom-
position above is not; other expressions can all
be derived using the same SVD decomposition.

For example, we can decompose the complex-
ity matrix Q as Q = (UVEIH)H~'(VEV)T),
where H denotes any regular r x r matrix. Now
f(S,D) = g'(S) - h'"(D), where g'(S) = sUVEZH
and h'(D) = dVv/ZSH. Thus there are essentially
r? —1 (-1 from homogeneity) independent decom-
positions of type (1).

3.2.  Ezample: 6 projective points

We use the notations of Section 2 and the defini-
tions above, where:

¢ S denotes the set of 4 shape variables X, Y7,
Zy, Wy, - the 3D projective coordinates of the
6th point.

e D denotes the set of 6 image variables ag, bo,
Co, a1, b1, c1; these are the image measure-
ments - the projective image coordinates of
the points.

In this case we get the following model-based
invariant (see Section 2.1):

f(S,D) = aoblZlYl + 01Y12b() — 01X12a0 —
a0(11Z12+a[)blZ12—b1Y12bU+Coa1Z12—Cob1Z12—
b0a1Z12 + b0b1Z12 + a1X12a0 — a1Y1a0X1 +
a1YiapZy + c1Y1boZy — Yia1 Zico + coa1 Z1 X —
cob1 Z1Y1 — bpa1 Z1 X1 — a1Y1boZ1 — c1 X1Yibo +
Xi10Yibo + i X1Yiag + Xiaghi Z1 — c1 Xqa0 2y +
CUX1b1Z1 - legblzl + 01X1(10W1 - 00(11Z1W1 +
cob1 Z1W1 +agar Z1 W1 — agb1 Z1 W1 + b1 Y1 bWy +
b0a1Z1W1 — b0b1Z1W1 —01Y1b0W1 —a1X1a0W1 —
2X101Y1a9 +2a1Y100 X1 =0

In order to represent f(S,D) as a sum of mul-
tiplications as required in (2), we observe the fol-
lowing;:

1. There are 10 shape monomials s;, thus n = 10
and

s=[X}, X1V, X172, Xy Wy, V2,
YiZ,,YiWh, Z7, ZsW, W] (3)

2. There are 9 image monomials d;, thus m =9
and

d = [apay, apby, apcy, boai, boby,
5001,0001,0051,0001] (4)
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3. The complexity matrix @ is 10 x 9, where
Qli, ] is the coefficient of s;d; in the expres-
sion above. For example, from the first term
in the expression above Q[6,2] = 1. Thus:

ri1 -1 0 -1 0 1 0 -1 1 0

0 2 1 0 0 1 0 1 —-10

-1 1 -1 1 0 0 0 0 0 O

0 2 -1 0 0 —1 0 —1 1 0
"T=10 1 -1 0 -1 0 1 1 —-10
0 -1 0 0 1 1 —1 0 0 0
001 0 0 —1 0 1 =10
001 0 0 —1 0 —1 1 0

Lo 0 0 0 0 0 0 0 0 O]

We use Gaussian elimination to decompose @
as Q = UVT, where U is 10 x 5, and V is 9 x 5.
Many matrices U satisfy these conditions, and we
choose a relatively “simple” one:

Q" = vur (5)
r1 1/2 0 0 —1/27
0 1 -1 0 1/2
-1 -1/2 1 0 0
0 -1 1 0 —1/2
vV = 0 —1/2 1 1 1/2
0 1/2 0 -1 0
0 0 -1 0 1/2
0 0 -1 0 -1/2
Lo o o 0 0 |
10 0 -1 0 000 0 O
0 -2 0 0 0 200 0 0
vT = |10 0 -1 0 0 100 0 0
00 0 0 -1010 0 0
L0000 0 0 0 002 -20

Since the rank of () is 5, we can rewrite the
model-based invariant f(S,D) as follows:

f(8,D) =g(s)-h"(D) = Zgi(S)hi(m =0(6)

where (3), (5) give

X? - X\ W,
—2X,Y; +2Y1 2,
-X1Z, + Y12, (7)
-Y?+YiW,
272 — 27, W,

g(8)=s-U =

and (4), (5) give

h(D) =d-V = [a1a0 — Ci1aq , 0.5&1&0 + aObl —
0.5010,0 — bo(],l - 05b0b1 +0.5b061 , — a0b1 +ciag+
b0a1 +b0b1 — CpQ1 —Cobl 5 b0b1 —b001 5 —0.5a1a0+
0.5&0b1 — 0.5[)0041 + 05[)061 + 0.500&1 — 0.500b1]

4. Minimal linear invariant: multiple re-
lations

Let S, D and Z = {f!(S,D) = 0}/, as in Sec-
tion 3. We now consider the general case where 7
includes L > 1 relations. We look for a simulta-
neous decomposition of the L relations, such that
they have a minimal number of terms, and the
shape terms are identical in all the relations. More
specifically, we look for a simultaneous decompo-
sition:

£1(8,D) =" gi(S)  hi,(D) =0
k=1

where g; and hl are polynomial functions of the
shape S and the image D respectively. Note that
gx(S), the shape terms, do not depend on the in-
dex [ - this is what we mean by simultaneous de-
composition of the L relations.

4.1.  Algorithm

We start by writing each algebraic expression
fY(S,D) = 0 as a sum of multiplications:

Fi8D) =Y D gsidi=s-Q'-d" =0 (8)
i=1 j=1

where s; and d; are distinct products of element
of S and D respectively, s = [s1,...,8,], d =
[di,-..,dp], and Q' is the n x m matrix whose ele-
ments are ¢/;. From Def. 1, Q" is the complexity-
matrix of the relation f/(S,D) =0.
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Definition 2. @, the matrix obtained by con-
catenating the L matrices Q' from left to right, is
the joint complexity-matrix of 7.

Note that the size of () is n x Lm. Note also the
asymmetrical role of rows and columns here: the
row variables are shape variables, and thus should
be the same for all invariants; the column variables
are data variables, and thus can (and should) vary
for different invariants.

Theorem 2.  The minimal simultaneous linear
r

decomposition f(S,D) = 3 gi(S) * hx(D) has
=1

k—
r terms, where T is equal to the rank of the joint
complezity-matriz Q.

The proof is similar to the proof of theorem 1,
with the same restriction: the number of terms is
minimal in a limited context, where a term can
only be a linear combination of s;’s or d;’s.

We can now derive the following algorithm to
compute the minimal simultaneous linear decom-
position of model-based invariants:

1. Compute the SVD (or similar) decomposition
of the joint complexity matrix Q = ULV .

2. For each invariant, find a decomposition Q' =
U(WVHT; below we specifically use (V)T =
(US)*tQ!, where (UX)T denotes the pseudo-
inverse of (UY).

3. By construction

f'(8,D) = Sg(Vl)TdT =g(8) - (h' (D))"
Zgi(s)hi(D)

g(S) = [91(8),...

[hi(D),...,h.(D)] = aV'

,gr(S)] =sU

=
S
I

= d@")'Us(Un)TUD)

4.2.  Ezample: 7 projective points

We use the notations of Section 2 and the defini-
tions of Section 3, where:

e S denotes the set of 8 shape variables X7, Y7,
Zl, Wl, XQ, YQ, ZQ, W2 - the 3D projective
coordinates of the 6th and 7th points.

e D denotes the set of 9 image variables ag, bo,
Co, @1, b1, 1, as, by, co; these are the image
measurements - the projective image coordi-
nates of the points.

In this case we have 4 independent model-based
invariants (see derivation in Section 2.2); one is
given below, the other 3 look similar and are there-
fore omitted.

fl(S,D) = —b1Y1bopaoWs — cob1 Z1¢c27Z2> — cob1 Z1¢aYs —
c2 X2c1Y1bo — ca Xabob1 Z1 — cobi Z1a2Wa — a2 X2b1Yibo +
a2 X2apc1 X1 + caXaapb1 Z1 — a2Y2b1 Z1bo + c2 X2b1Y1bo +
apb1Z1a2Wa —a2X2a0b1 Z1 + a2 X2bob1 Z1 +b1Y1a2 Z2bo +
coc2 Xob1Z1 — cpaaXab1 Z1 + a2 X2c1Y1bo + agb1 Z1c2Z2 +
apb1Z1c2Y2 + a2Y2b1 Z1ao + a2bob1Y1Y2 + cobi ZicaWa +
apa1a271 72 —ai1a2c0Z1Z2+a1a2boZ1 Z2 —aparaz X1 Xa —
aogb1 Z1caWa+ca Xac1Y1a9 —ca2 X2apc1 Z1 +a2 X2a0a1 Wi +
a3 X2a1Y1a0 — c2X2a1Y1a0 —a1Yia2Z2a9 + c2Yaboe1 Y1 +
bob1 Z1a2Wa —bob1 Z1caWa —a2 X2a0a1 71 +a1 X1a0a2 2>+
ca Xaapc1 Wi —ca2Xaapa1 Wi+a1 X1boazZa+aoazZ2c1Y1—
apazZzc1 Z1+apazZaciWi—aoazZ2a1 Wi —a1 X1a2Yabo+
coc1X1a273 — coa1 X1a273 —a2Y2a1Z1bo + c2 X201 Y1bo —
a3 Xac1Yia0+azXaaoc1 21 —az2 Xoagc1 Wi —c1 X1bgaz Zo +
c1X1a2Y2by — a2 X2a1Y1bg — boaz Zac1Z1 +boazZaci Wy —
coazZac1 Y1+ coazZoc1 Z1 —coazZaci Wi —boazZaa1 Wi +
bob1 Z1c2Z2 + bob1 Z1caYa — ZibiboazZ2 — Zibiraoaz Zz —
a2Yab1 Z1co — b1YibocaZ2 — b1YibocaYa — c1 X1a0a272 +
c2X2a0a1Z1 + Zicobraz Za — a1Y1boc2Y2 — a1Yiboca Za +
a1Y1bocaWa —a1Y1bgaasWa +a1Yia2Zaco + a2Yaboc1 Z1 +
a2Yaboa1 W1 —a2Yaboci Wi +coazZaa1 W1 +c1Y1bgas Wa —
c1YibocaWa +c1Yiboca Z2 +a1 X1aoca X2 — c1 X1a0c2 X2 +
b1 Y1bocaWa+2b1Yia2Zaco—2c2 X2b1 Yiag+2a2 Xobi Yiag—
2bgas Z2c1Y1 + 2a1Y1a2 Z2bg — 2b1Y1a2 7209 = 0

In order to represent f!(S,D) as a sum of mul-
tiplications as in (2), we observe the following:

1. There are 16 shape monomials s;, thus n = 16
and

s = [X1X27X1)/27X1Z27X1W27)/1X27
V1Yo, Y125, YaWs, Z1 Xo, ... ,WiW]  (9)

2. There are 27 image monomials d;, thus m =
27 and

d = [apaiaz, apai by, apa;cs,
agbraz, ..., coc1ca] (10)
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3. The complexity matrix Q' is 16 x 27, where
Q'[i, 7] is the coefficient of s;d; in the expres-
sion above. Q'[1,1], for example, contains the
coefficient of agaas X1 X5 from the expression
above, which happens to be -1. Thus we get
the following full description of Q!:

-1 0 0 -2 0 0 1 o o0 2 0 -1 1 0
o 0 O 0o 0 o 0o 0 o -1 0 1 -1 0
-1 0 1 -1 0 1 1 0o -1 0o 0 o 1 0
0o 0 o 1 0o 1 0o 0 o —1 0 O —1 0
1 o o0 -1 0 1 —1 0 0 1 0o o0 —1 0

Similarly, we rewrite f2(S,D), f?(S,D), and
(S, D), to construct Q?, @* and Q* in a similar
way. The joint complexity matrix @ is constructed
by concatenating Q', Q2 Q?,Q*, and its size is
16 x 108.

The rank of @ is computed to be 11. Using
Gaussian elimination, we compute a decomposi-
tion @ = UVT, where U is 16 x 11, and V is
108 x 11. Many matrices U satisfy these condi-

tions, and we choose the following relatively “sim-
ple” one:

0 1 0 0 -2 0 0 0 0 0 0
0 0 0 0 0 -1 0 0 0 0 0
0 0 -1 0 2 0 2 0 0 0 0

U= (11)

0 0 0 0 0 0 -2 0 -1 0 0
0 0 0 0 0 0 0 0 0 -2 0
0 0 0 0 0 0 0 0 0 2 —2

U is used to obtain the individual decomposi-
tions:

Q' =U(V)T = (V)T = UTD) ' U7Qi(12)

Finally, we rewrite the model-based invariants
fY(S,D), I = 1..4. For example, take f'(S,D):

£1(S,D) =g(S) - (W' (D))" = Zgi(smi (D) =0

where (9) and (11) give

X1 X9+ W71 X5
- X1+ Y1 Xs
Xi1Zy = Y12
—2X:1 X5 +2X 1 W,
=21 X5 +2Y1 25
-V, + YW,
2Y175 — 271Y5
21 Wy — 2W1Ys
21 X — Z1Y>
— 27175 + 22, W,
—22\Wo 4+ 2W1 Z,

g(S) 2[81,...,816]-[]:

and (10), (11), (12) give

hl(D) = [dl,. . .,d27] . Vl = [a0a1a2 — a1a9C2 —
azapcy + ciapcz , boaiaz — bociaz , apaiaz —
axagcy + boaiaz —bocras — coaraz +cocras , o ,

laoalag + %0,10,002 — a0b1a2 + a0b102 + %agaocl —
561&062 + b0a1a2 - %boalcz + %boblag - %boblcg —
b001a2 + %boclcg ) boalcg — b0b1a2 + b0b102 —
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bociea %000102 - lalaoc2 —agbica — %02%01 +
lCﬂloCQ‘F%boalag—5()001(124-60[)10,2 , —%b0a1a2+
§b001a2 , —Qpaiaz +aiapcCs — a0b1a2 + a0b102 +
azapcy — ci1apC2 + bobias — bobico — cobras +
cobica , —2apaias+Liaghias—Laghica+iasage; —
thoaias+3 bobla2——boblc2+§bocla2+§coala2—
—Cob1a2 + Coblcg — %60010,2 y — %0,00,1(@ +
5&20,001 — —b0a1a2 + %boclag + %Coalag - %Coclag]

5. Adding class constraints

Once it has been shown that model-free invari-
ants do not exist for unconstrained objects [1, 10],
attention had turned to characterizing the con-
straints (or classes of objects) which would lead to
model-free invariants [10, 12]. The present analy-
sis allows us to ask this question as part of a more
general problem: what class constraints on objects
reduce the number of terms in the minimal linear
decomposition? In this section we determine suffi-
cient conditions on class constraints to reduce the
number of terms, in particular to reduce it to 2
(implying the existence of model-free invariants).
We start from a relation

ng ) * hi(D) =0

where g (S) and hy (D) are polynomial functions
of the shape and image measurements respec-
tively. Every class constraint of the form A(S) =
0, where A(S) divides some Y argr(S), reduces
the number of terms in the minimal decomposi-
tion by at least 1. Thus:

Theorem 3. (class constraints:)  To reduce
the minimal number of terms from r to p < r, the
class constraints should provide at most (r — p)
independent constraints of the form X\;(S) = 0,
where each \;(S) divides some Y aygr, modulo the
Ai(S), j<i.

Clearly there is a tradeoff between complex-
ity (the number of terms), which is higher for
more general (and less constrained) classes, and
the density of the database, which is smaller for
more general classes (as there are fewer types of
such general objects).

Example: given 6 points and a perspective
camera, r = 5 (see Section 3.2).

¢ From the minimal model-based invariant de-
veloped in Section 3.2, and the theorem above,
it immediately follows that if any of the pa-
rameters of the 6th point, Xi,Y7, 721, W,
equals 0, then r = 3; if any 2 parameters of
the 6th point are equal, then r = 3. Thus if
4 of the 6 points are coplanar, the number of
terms in the minimal model-based invariant is
3.

e If 2 pairs of the 4 parameters X1,Y7, 7y, W)
are equal then r = 2, namely, there is a model-
free invariant. The geometry of this case is as
follows: one point lies on the line of inter-
section of 2 of the planes, each spanned by
triplets of the remaining 5 points.

6. Reconstruction example: lab sequence

We use a real sequence of images from the 1991
motion workshop, which includes 16 images of a
robotic laboratory obtained by rotating a robot
arm 120° (one frame is shown in Fig. 1). 32 corner-
like points were tracked. The depth values of the
points in the first frame ranged from 13 to 33 feet;
moreover, a wide-lens camera was used, causing
distortions at the periphery which were not com-
pensated for. (See a more detailed description in
[13] Fig. 4, or [7] Fig. 3.)

We compute the shape of the tracked points as
follows. We first choose an arbitrary basis of 5
points; for each additional point we:

1. compute g(S) as define in (7), using all the
available frames to solve an over-determined
linear system of equations, where each frame
provides the constraint given in (6).

2. compute the homogeneous coordinates of the
6th point [X,Y,1, W] from g(S) using

2g1(S) + g2(S) — 2g3(S)
g5(S) — 2g3(S)
v - g2(S) — 2g4(S)
g5(S) + 2g3(S)
C L (®(5)284(8) &5(S)
(285(S) + 4g3(S)) 83(S)
(281(5) +82(5) —283(5)) 8
(2g5(S) — 423(S)) g3(S)
3. in order to compare the results with the real
3D shape of the points, we multiply the pro-
jective homogeneous coordinates by the actual

X =

+
5(S)




84 D. Weinshall

Fig. 1. One frame from the lab sequence.

3D coordinates of the projective basis points,
to obtain the equivalent Euclidean represen-
tation.

The real 3D coordinates of about half the points
in the sequence, and the corresponding recon-
structed 3D coordinates, are the following:
real shape:

-03 —-1.7 -0.3 1.8 53 99 3.2
-4 —-26 44 63 42 —-1.6 —-28
16.4 17.1 19.7 20 25.3 29.8 31.6

-23 15 —-0.6 05 1.5 —0.5
-2 5 3 2 09 1
15.1 21.7 21.5 21.6 21 21.6
reconstructed shape:
-03 -1.8 06 09 3.8 89 -0.8
-36 -13 5 62 44 -15 0.7
15.8 14.7 21.5 24.9 27.5 30.1 9.7

-24 0.7 -06 03 13 -04
-13 48 26 18 04 0.7
134 235 20.2 21.1 21.1 19.2

The median relative error, where the relative
error is the error at each point divided by the
distance of the point from the origin, is 12%.

7. Summary

We described an automatic process to simplify
model-based invariants by re-parameterizing them
in a linear way, and with a minimal number of
terms. We demonstrated this process on 2 ex-
amples, using model-based invariants of 6 and 7
points under perspective projection. Thus, for ex-
ample, we obtained 4 homogeneous linear equa-
tions with 11 unknowns using the invariants of 7
points. We can use these invariants to compute
the shape of the 7 points with a linear algorithm,
using at least 3 frames and least squares optimiza-
tion (since the data is redundant).
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