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Abstract

Instead of computing general descriptions of specific
behaviors or specific descriptions of general behaviors, it
15 often useful to compute specific descriptions of specific
.~ behaviors, This is appropriate if for ezample there are
strict time constraints on performance or only a coarse
- estimate is required. Since little knowledge can be as-
- sumed a priori, simplifying assumptions must be made
which may or may not be valid. For such an approach to
be sound, the computation must be simple, robust to both
input and modelling noise, and must facilitate inferences
regarding alternative strategies. We propose premise-
based estimation as a framework, where premises are
made regarding the observed behavior and required de-
scription, and the computation is ezamined within op-
timal estimation theory. As a demonstration, a coarse
. description of the motion of arbitrary objects is derived
from the premise that they move in a uniform gravi-
lational field. The formulated routine is stmple and is
shown to have the desirable properties.

1 Introduction

For many complex behaviors, computing a coarse de-
seription does not require considering the full detail of
change. For example, since the trajectory of the center
of mass of an object thrown in the air is parabolic, a
Toutine computing a coarse estimate can ignore detailed
object structure, and can rely on the premises of uni-
form mass distribution and free fall motion which alone
provide sufficient constraint. Unfortunately, the center
of mass is not available a priori, and the observer must
‘make inferences from the motion of all object points en-
masse. Thus, if the object is an “oopee ball” (a ball with
non uniform mass distribution) and the observer tracks
the ball making the premise that its centoid and cen-
ter of mass correspond, the observed trajectory appears
quite irregular, and definitely not parabolic. The appli-
ation of such a routine is therefore more involved, and
must deal with the fallibility of its underlying premises.
This can be due to input noise (deviation from perfect
measurements), modelling noise (deviation from the real
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behavior) or both.

We advocate the framework of premise-based estima-
tion, where the computation is based in regularities that
are believed to hold for the task and scene, Determining
the most useful regularities is based on prior knowledge
such as task-specific considerations and the experience
of the perceiving system. Determining the regularities
most consistent with the sense data can only be deter-
mined post hoc. Integrating a priori and a posteriori
knowledge is achieved by using the tools of optimal es-
timation theory [8]. Premise based computation is de-
fined by the lattice theory of perception [7]. Each node
of the lattice is defined by a set of regularities termed
premises. A node or premise set, represents a particu-
lar interpretation of the world, which is evaluated by a
specialized routine to determine the consistency of its
interpretation with the sense data. Knowledge acquired
from the concurrent application of many such routines
1s used to determine the most consistent interpretation.

To demonstrate the principles underlying premise-
based estimation, we focus on the task of estimating
the motion of objects moving in a uniform gravitational
field. These behaviors commonly arise in sports [9], and
are of interest since they are performed with accuracy
and relative ease. We base estimation on the trajectory
of the center of mass of objects. This is appropriate
for a large class of behaviors, even where there is de-
formation, subject to the constraint that the center of
mass varies smoothly. It facilitates a description such
as trajectory-based classification, determining time-to-
collision or computing course-to-intercept [9].

The premise set has two elements; the motion premise
states that “The motion has a constant acceleration — g’
which is the known and due to gravity. The structure
premise is that “The resolution of analysis is A\”, con-
straining the image position of the center of mass at the
specified resolution. A review of the possible approaches
to this determination, such as feature based techniques,
1s beyond the scope of our discussion, and the specific
method used is left unspecified.

Premise sets previously used in motion estimation,

55



Figure 1: The underlying Geometry (see text).

typically constrain strongly both object motion and
structure. The most common premise is rigidity, which
constrains both object motion and structure. Structure

premises also include articulated models [12], local sur-

face models [11], symmetry [13] or feature point models
[3, 5]. Motion premises include smoothness, planarity
[6], fixed axis motion [12], pure translation (rotation)
[14], constant translation (rotation) [3] or const accel-
eration [10] (note that this is by no means a complete
list of references, for a comprehensive review see [2]).
We view the routines designed based on these premises
as implementing nodes in the processing lattice. Our
premise set strongly constrains object motion but only
weakly constrains object structure.

2 Design

From the premise set, a two component estimation
routine for tracking object motion is formulated. Its
batch component (section 2.1) produces an estimate of
object position based on an initial viewing direction and
two views of the motion. Its recursive component (sec-
tion 2.2) uses this initial position in estimating subse-
quent positions based on views generated by an observer
tracking the object. The components are applied in suc-
cession to the sense data, and from the time evolution
of the estimated position all motion parameters can be
computed.

The underlying geometry is depicted in figure 1. Let
OXYZ denote a fixed inertial space reference with the
viewer fixed at its origin. An image is formed along the
instantaneous optical axis under perspective projection
with the image plane located at unit focal length. Let
the direction to a point in space at time index i be the
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tangents of its polar angles
(1)

h =

B =

tang; = Xi/Z;

tand; = Yi/\/XZ+ 2}

If the optical axis is fixed in direction (ao, Bo), the image
coordinates for an object point R are the tangents of its
angular disparities relative to the optical axis. Using
trigonometry, the image coordinates at time index ¢ are
(zi,y:) are given by the projection equation

@) z; = tan(é;—¢o) = ﬁ
- i ey
yi = ta-n(e; 00) b ﬁiﬂo + 1

The image of an object is analyzed, at the fixed known
resolution A stated by the structure premise, to compute
the image position of the premised center of mass. This
is termed a view of the motion and is denoted by m.
For example, feature based techniques can be used with
features defined as 2D blobs, and the computation of m
accomplished by any one of the methods reviewed in [1].

The trajectory of the center of mass is found by in-
tegrating twice with respect to the constant accelera-
tion over the duration of the motion. The acceleration,
R'"=[0, —g, 0], is due to gravity, and has a fixed
and known direction and magnitude. Denoting the ini-
tial or reference position and velocity by R, _6 and let-
ting ¢; specify the duration, the motion is contained in
a vertical plane and is given by the trajectory equation

3)

In the following sections, the motion dynamics (3) and
the measurements (2) are used to formulate filter com-
ponents based in optimal estimation theory [8].

2.1 Batch Component

Define the state wvector as time index ¢ as
5 = [ X:,Y;,Z;,2,]" whose elements are the current
object position and the depth to the reference point of its
trajectory. The system model is the motion trajectory
(3) and the measurement model is the image projection
(2). Fixing the optical axis at some known initial direc-
tion (oo, Bo), two views of the motion are accumulated
to generate a linear system of equations in the state
vector components. The solution § along with (ao, o)
specify the trajectory completely.

The system of equations is generated as follows; con-
sider three successive positions during the motion, say
Ro, Ry and R,. Without loss of generality, select Ry as
the reference point for the trajectory and fix the optical
axis in this direction (ag,Bo). Denote the views corre-
sponding to the motion, from Ry through R; to Rj, by

R; = 3R'"t° + Ryti + Ro
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My, Mz, taken over the intervals ¢; and ¢, measured rel-
ative to the reference time ¢o. From (3), one positions
is a linear combination of the others by t;;

& R = Rotit;' + Rotat;! + 1Gtnty

with ¢;; = (¢; — ¢;).1 From (2), m; and R; are related by

Xi+0;Z; =0 ai:ﬁiﬁn;
(5) : where f; = ﬁ%(;
Y;+6:Z; =0 9;=ﬁ;\/a?+l

Algebraically manipulating the equations for Ro, Ry, R,
and the two corresponding views m , m, yields a linear
system of equations A5, = b which depends only on
o, fo, M1, My

(6)

tl 0 —a1t1 —alotzl 0
2 0 —asts 0 = = 0
0 1 —O1t1 —Ooty |2 = —igtatits
0 t, —O,t, 0 0

where a;; = (a; — ;) and ©;; = (6; — ©;). A solution
exists and is unique when the coefficient matrix A is
non singular. Analytically singularity occurs when the
determinant of A vanishes, that is

(7) (azoelo — aloezg) (tltz—l — 1) = 20

The rightmost term does not vanish as long as measure-
ment times are selected such that ¢ # t5. The second
term does not vanish if views are such that

Condition 1: the object is not in the Z = 0 plane.
Condition 2: the views m; are not collinear.

The first condition is due to a discontinuity in the pro-
Jection equation (2), while the second can be seen as
follows; substituting from (5) and (1) and rearranging
the terms, for Zy # 0, the term vanishes if and only
if R, - (Rl X Rg) = 0. That is, if the position vectors
during the estimation period are co-planar. Since views
of the motion are a function of the angular disparities
between the position vectors, for the term to vanish the
views 7m;, my must be collinear.

It is easy to see that a solution exists for any mo-
tion not entirely in the Z = 0 plane and/or does not
contain the origin. This can be guaranteed by replacing
“bad” views with later ones is the above conditions are
not satisfied, updating (6) to reflect the new situation.
The existence of “good” views is guaranteed by the pla-
narity of the motion and the non zero curvature of its
trajectory. The goodness of solution is expressed by the
uncertainty in the state vector. This is defined as the
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expected value of the state error ([8]), and can be char-
acterized through perturbation analysis. It is known for
example [4], that an upper bound on the relative error in
§ can be computed from the condition number «(4) and
the relative error in b. These depend only on the error
associated with the known quantities ag, By, 7m; and can
hence be given by the routine as part of its computation.
This upper bound on the relative error of 3 is then the
basis for determining the goodness of the estimate.

2.2 Recursive Component

Extended Kalman filtering was chosen since it allows
to handle the nonlinearity introduced by the perspec-
tive geometry, while not severely increasing the com-
plexity and cost of the computation. The filter is out-
lined below, while more detailed filter equations are
given in the table below. The state vector is defined
as §; = [X;, Xo,Y:, Y0, Z;, Zo]" whose elements are the
components of the current and reference object position.
The initial estimate 5, and its uncertainty Pp, are com-
puted from the state vector of the batch procedure and
the initial viewing direction (a, fo) through (1).

(@ ®) ©

Figure 2: centroid trajectory for each of the experiments
described in the text.
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Figure 3: First experiment, both premises are valid (no
modelling noise) but noisy input (see text).

The recursive estimation problem is expressed by a
linear continuous system model, derived from (3), and a
discrete nonlinear measurement model, which is derived
from (2). The system model expresses the dynamics of
an the center of mass of an object moving under con-
stant gravitational acceleration. The motion is planar
and the trajectory parabolic, constrained by the initial
velocity and the duration of the motion. The measure-
ment model relates the views, generated by an observer
tracking the object, to the corresponding 3D position.
Successive views are integrated to estimate the state vec-
tor through a set of prediction and update equations; first
5 is computed forward in time using the system model,
and then the views are used to update the prediction
through the measurement model. The goodness of the
estimate is given by the covariance matrix P which the
is computed as an integral part of the estimation.

3 Performance

The routine was applied to object motion generated
using a physical simulation module, which enabled us
to test robustness while adding both input errors (ex-
periment 1) and modelling errors (experiments 2,3). In
the first experiment, we estimate the motion of a sphere
of uniform mass distribution (figure 2(a)), when both
motion and structure premises are valid yet the input
data is corrupted. Errors in the input (o, B0) and m;,
are modeled as Gaussian noise, specified in percentage
relative RMS error. Figure 3 shows performance with
different noise levels, plotted in terms of the time evolu-
tion of absolute relative error in the estimate of the 3D
position X,Y,Z and Z,. For a tuned filter, implementing

58

0.5 os
r 04 ¥ 04
E E
203 s 034
i 02 iaz
1 L
< <
o ' o s
(@ (b)
QoS 0.S
;o.a i 04
%o.s- ‘50.3
;zaz éaz
3 3
3a 3o
< <
o % 04 3
ViIEWS VIEWSE
() @

Figure 4: Second experiment, invalid structure premise.
Result of 50 Monte-Carlo runs.

pre-run or run-time tuning [8], the errors are given in
the square roots of the diagonal terms of the uncertainty
matrix P. It is easy to see that there is significant im-
provement after a small number of views, even in the
presence of substantial noise.

In the second experiment we estimate the motion of
the same ball, when the motion premise is valid yet the
structure premise is not. This modelling error is in-
troduced by varying the mass distribution function of
the object within the simulation module. The initial
velocity and position are identical to the previous ex-
periment, but the sphere’s center of mass was shifted
half way along its radius. The trajectory of the centroid
is that of an “oopee ball” (figure 2(b)). Modelling error
internal to the routine was varied by adding noise to
the covariance terms of the filter. Figure 4 shows per-
formance with different levels of error, plotted in terms
of absolute relative error in the estimate and time. Per-
formance is significantly improved after the first views
of the motion. Subsequent views, about the peak of
the trajectory, where the trajectories of the viewed and
actual center of mass show maximal discrepancy, cause
an increase estimate error. This is not surprising since
during this interval, the viewed motion conforms only
weakly with that implied by the premise set. The error
however remains low as additional views become avail-
able, and are substantially lower when smaller certainty
is associated with the input data. This demonstrates the
adaptiveness of the filter and its ability to recover from
an erroneous computation. The third experiment in-
volved a sphere when the structure premise is valid yet
the motion premise is not. All parameters were set as in
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Figure 5: Third experiment, invalid motion premise.
Result of 50 Monte-Carlo runs.

the first experiment, except that at some point in time,
the sphere is subjected to non gravitational acceleration
(figure 2(c)). Figure 5 shows performance with different
 levels of noise, plotted in terms of absolute relative error
In the estimate.

In summary, our results demonstrate filter robustness
to both image and modelling noise. While currently
applied to only a limited class of simulated behaviors,
errors are significantly reduced after a small number of
 views even in the presence of large amounts of noise.

‘4 Diagnostics

In premise based computation, routines evaluate the
consistency of the interpretation suggested by a specific
lattice node, which depends on the validity of its premise
components as observed in the sense data. The result,
as argued in (7], is interpreted as an “accept”, ”reject”
ora"don’t know”. That is, the interpretation is either
accepted or rejected as being consistent with the sense
data, or it is stated that there is insufficient evidence for
‘making a decision.

I premise based estimation, this decision step is im-
‘plemented as a thresholding operation applied to the
tesult of the estimation routine. Thresholding is inter-
el to the filter as real values for the estimated variables
are not known. It is based in the state estimate uncer-
tainty and categorized based on two thresholds; where
the filter converges, the uncertainty should be below the
acceptance threshold, while where it diverges the uncer-
tainty should be above the rejection threshold. When
the filter neither converges nor diverges during the esti-
mation period, the associated uncertainty should be in
between the thresholds, as no conclusion can be drawn
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Figure 6: Lattice segment computed by routine.

with reasonable certainty. Since behavior is not only a
function of design optimality but also depends on fil-
ter tunning, the setting of the thresholds for acceptance
and rejection should be based on the accumulated ex-
perience of the perceiving system in the application of a
particular routine. It is often difficult to make a direct
inference regarding the validity of any one premise. This
is since sufficient constraint is provided by the premise
set as a whole, and generally individual premises can
not be related in a simple way. One can however pro-
duce diagnostics and point to modifications which can
the computation.

Generating diagnostics is best understood by through
a concrete example. Analytically, the motion estimation
routine produces a reliable estimate where both struc-
ture and motion premises hold, and further for the initial
estimate, where the motion plane is not the Z = 0 plane
and does not contain the origin. Stated differently, the
routine will return a “success” if the following premises
are valid
C1 = “The motion has constant acceleration ¢”.
Cz = “The resolution of analysis is A”.
C3 = “The motion plane isn’t Z = 07
C4 = “The motion plane doesn’t contain the origin”
in which case the interpretation denoted C;C,C5Cy is
perceived as consistent with the sense data. For tasks
with strict performance requirements, parameters such
as time-to-collision or course-to-intercept can be com-
puted based on the computed state estimate. Where
the application results in an “reject” or “don’t know”,
more attention is required. Assume that the premises
C1 and C; are valid as the routine has been initiated.
It is possible then, as shown in section 2.1, to deter-
mine from the sense data which of the other premises is
not valid, that is to determine if Cs, C4 or their nega-
tions, denoted C3, Cy, are valid. If Cs (the negation of
C3) is valid, i.e. the motion plane is given by Z = 0,
reinitiating estimation preempted by an arbitrary rota-
tion of the viewer reference OXYZ yields a solution. If
C1,C3 and Cj3 are valid yet Cy is not, i.e. the motion

59



plane contains the line of sight, additional views can
be added. A routine appropriate for evaluating a node
C;C,C5C4 needs simply to change the batch component
of section 2.1 as follows; Since the new premise C4 im-
plies that X;/Z; = ap for all time indices i, the non-zero
y components of three views of the motion are sufficient
for generating a 3 x 3 system of equations. Substituting
in (5) from(4), and denoting the terms associated with
the third view by time index i = 3,the new system of
equations is

t7 —O1t;1 —O10tn Y3 —3gtaitits
t; —0O3ty —O20is1 Z3 | = | —igtaitats
1 —-O63 0 Zy 0

When the motion and/or structure premises are not
valid, little can be inferred, as C; and C; are generic to
the computational model. Alternative processing strate-
gies, executing simultaneously within the premise-based
framework, need be consulted for interpreting the scene.
For example, if C2 holds, the erroneous resolution of
analysis should be varied and estimation reinitiated with
a modified structure premise. if C; holds, different reg-
ularities of object motion need be found and routines
such as those mentioned in section 1 can be consulted.

5 Discussion

Since a successful computation depends on useful and
consistent regularities which in turn depend on both
task and scene, the use of special purpose routines is
a realistic approach to visual processing. This study
advocates premise-based estimation as a framework for
the design and analysis of such routines, designed from
task-determined premises and evaluated using the tools
of optimal estimation theory. The issues discussed ap-
plies in general to visual processing, and is not limited
to motion estimation. Algorithms reported in the liter-
ature can be viewed as specialized routines within our
framework, which are suitable when the premises they
make are valid.

For the design of visual routines it is beneficial to
closely examine the task at hand. This can, as was
demonstrated for motion estimation, serve to simplify
the computation and reduce its dependency on a pri-
ori information. The routine formulated in section 2
requires little by way of structure and/or motion in-
formation. The necessary structure information is the
resolution of analysis, while in terms of motion only few
views are needed to produce a good estimate. Its advan-
tage is in its suitability for analyzing a large class of fre-
quently encountered object behaviors, and in the direct-
ness and robustness of its computation. Its limitation
is in that it yields only a coarse description of behavior.
While there support for the relevance of such a descrip-
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tion, on both perceptual and computational grounds,
some tasks may require a more elaborate description.
This is accomplished concurrently within the premise-
based framework, through alternative processing strate-
gies, and is a topic we are currently investigating.

For making inferences from the application of rou-
tines, it is necessary to consider a posteriori knowledge. -
For evaluating performance, both input and modelling
errors must be considered. This allows not only to de-
termine possible required modifications due to subop-
timality of the design, but also enables a comparison
of different routines and their suitability as processing
strategies.
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