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Detecting 3-D Motion Field from Range Image Sequences
IV. CONCLUSIONS

The SRNN image classification technique, which is based on Krishnendu Chaudhury, Rajiv Mehrotra, and Cid Srinivasan
human fixation behavior is proposed for fast classification of images.
Starting from the lowest possible resolution, SRNN classifier sequen- ) ) ) ] ]
tially increases the resolution on the image segment to be classifiﬁecbetraCt_A” algorithm for computing three-dimensional (3-D) velocity

as long as the embeddéenearest neighbors classifier gives the “ng,

d and motion parameters from a range image sequence is presented. It
based on a new integral 3-D rigid motion invariant feature—the trace

decision” answer. In our texture discrimination experiments, SRN§{ a 3 x 3 “feature matrix” related to the moment of inertia tensor. This
obtained up to two orders of magnitude speedup with respect to flice can be computed at every point of a moving surface and provides
resolution classification without reducing the classification accura<§/.q“‘"‘”t't""“Ve measure of thelocal shapeof the surface. Based on the

The implementation strategy for the “no decision” class is fou

ature’s conservation along the trajectory of every moving point, a3-D
ow Constraint Equationis formulated and solved for the velocity field.

to be very important for SRNN C_|a55iﬁcati0n accuracy and speed-fe robustness of the feature in presence of noise and discontinuity is
is possible to make a compromise between accuracy and speecaimlyzed.

choosing the confidence threshold of SRNN appropriately. If the “no

Index Terms—Motion analysis, optical flow, rigid motion invariants,

decision” class appears frequently (high confidence threshold), thg&veo, 3-D flow, 3-D motion detection.

the

multiresolution performance curves of SRNN iterations spread

apart, the classification accuracy increases but the overall speedup
decreases. Conversely, using low confidence thresholds, one can ob- [. INTRODUCTION
tain very high speedup in comparison to full resolution classification, Detecting motion from a sequence of images is an important prob-

but
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a drop in the classification accuracy is also observed. lem in computer vision. Intuitively, it seems obvious that detection
of three-dimensional (3-D) motion will be easier if we are given
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established [1], [4], [9]. The real difficulty with feature-based motioequal mass for all points) is given by
detection from image sequences lies in establishing correspondence N
of features. Clearly, a “correspondence-less” technique for detecting 7= 1 >,

: . SR . =Y 7 )
motion from range images is highly desirable. Recently Horn and N =
Harris [5] reported a pioneering effort in this direction. Given a range
image in Cartesian or spherical coordinate system, they convert itGensider the 3x 3 matricesC; = (7; — ji)(7; — ji)" andC =
a Cartesian Elevation Map (CEM), in which the height (deghls  (1/N) i1, C,. Henceforth, the matrxC' defined above will be
expressed as a function &f andY, displacements in the horizontalreferred to as the feature matrieorresponding toS. Let R be a
plane. A time varying CEM can be expressed as a function of tREOper rotation matrix satisfyin®®" R = RR' = I (I stands for
form Z(X,Y,t), wheret denotes time. It should be noted that a s¢he 3 x 3 identity matrix) and dei?) = 1, and) be a translation
of 3-D points obtained by transforming from spherical to Cartesiafgctor. LetS’ = {#%: j = 1---n} denote the set of points obtained
coordinates will not, in general, be placed regularly on a rectangulay applying the rigid transformatiofiR, b) to the points inS, such
grid. Horn and Harris used an interpolation scheme, using the elaghiat 7 = R#; 4+ b. It can be easily shown that, the new center
membrane model to obtain a smooth, dense CEM in which the poiasmass of the set of point§’ is given by’ = Rji + b and the
are regularly placed on a grid. The following identity (called th@ew feature matrixC" = RCR”. Thus the matrice€ andC’ are
elevation rate constraint equatidoy the authors) forms the basis ofrelated by orthogonal similarity transformatioqd? being a proper

the approach: rotation matrix). Hence, they have the same eigenvalues [10], trace,
dZ 07 dX 87 dY 87 and determinant. Expressed in terms of components, the trace of the
e _Ze 1 - = - 1 L
7o at Ty T o (1) feature matrix is

N
The instantaneous position vector of a point= [X Y Z]7, Ti(C) = 1 ((2; — 1)+ (yj — 1)+ (2 — 1))
. . % : ’ = <) (=" + (g — ")+ (z =) (3
the instantaneous translational velocity Bs= [T} T: T3]”, and N = ! ’ ’

the instantaneous angular velocity vectordas= [A B C]T are ) )
7 The above results are equally true for a continuous set of points

related as(d7/dt) = —T — & x 7. Rewriting the above vector . 1 ; AR
equation in coordinate form, we obtain three equations, exprefg‘-e summations become integrals). In particular§ i {7(x,y) =

ing (dX/dt),(dY/dt),(dZ/dt) in terms of Ty, Ty, Ts, A, B, and [ Y z(x,y)]} denotes a continuous_ surface patch, §5¢ denotes_
C. Substituting in (1), a constraint equation is obtained, with sigrea of the surface, the correspondlng trace of the feature matrix can
unknowns T, Tz, Ts, A, B, andC. One such equation is obtainedP® €xPressed in terms of its components as
for each point in the CEM. The resulting large overdetermined system 1 [ 2 9 .2
is solved by pseudo-inverse technique to obtain the unknowns. Tr(C) = 11511 / /ﬂ((‘t — W) =)+ e pt)) dS

Though commendable as a pioneering effort, the above technique @)
suffers from a number of serious drawbacks. It assumes the presence
of a single rigid motion, which imposes the rather restrictive assumpdd is invariant to 3-D rigid motion.
tion of passive motion, or the absence of motion boundaries in theThus, if S denotes the set of points belonging to a surface patch,
scene. Error involved in estimation of the partial derivativeZodt the correspondindr(C') anddet(C') will be rigid motion invariant
points of discontinuity can introduce significant errors in the overdatures of the surface patch. Due to poor noise and discontinuity
motion parameters, as the least-square overdetermined techniquer@perties of the determinant, in this paper, only the trace is used as
known to be sensitive to large errors in one or more equations. TA@ invariant feature.
situation becomes worse when we consider the effect of noise in thd&xamining (3), we find thallr(C') measures the “spread” of the
Z values. Three-dimensional range data is known to be noise profi/eén set of points around the center of mgssin other words,
The partial derivatives enhance the effect of any noise present in tf@ trace of the feature matrix corresponding to the surface patch
data. S is a quantitative measure for the “geometrical shape” of the

In this paper, a new “correspondence-less” approach has béélﬁface patch. It is intuitively obvious that such a quantity will be
proposed for estimating 3-D motion (velocity field and motiofdnvariant to rotation and/or translation of the given set of points
parameters) from a range image sequence. The proposed technﬁ'uérhe feature matrixC is also related to the moment of inertia
overcomes all the above-mentioned shortcomings of the Horn—Hargtrix M for a system of particles (the moment of inertia matrix
approach. Our approach utilizes an integral feature th&ndal in  for a system of particled relates the angular momentum and
nature and isnvariant to rigid 3-D motionto compute the 3-D flow the angular velocity? as L = M3 and thus plays a role in
field (or velocity vectors). The computed 3-D flow field is usedotational motion analogous to that of mass in linear motion [2])
to recover rigid motion parameters. In the following section, thesC = ((1/N) =7, r})I — M, wherel is the identity matrix. It is
invariant feature used in the proposed technique is described. 'ﬁ']@/e" known fact in classical mechanics that the trace of the moment
methods for the estimation of 3-D flow field and the r|g|d mo’“oer inertia matrix is invariant to rotation of the system of particles.
recovery are presented in Section Ill. The influence of noise aAdso, the quantity((1/N) 71, r3)I is invariant to rotation of the
image discontinuities on the proposed invariant feature are analy£¥§tem of particles. This corroborates our conclusion that trace of the
in Sections IV and V. Some experimental results are presentedf@@ture matrix is rigid motion invariant.
Section VI and conclusions are offered in Section VII.

Ill. MOTION ESTIMATION
Il. THE INVARIANT FEATURE The trace feature introduced in Section Il can be compldeally

In this section, we define a “feature matrix” which can be computed} every point of a 3-D surface from a neighborhood around this point.

for any set of 3-D points and whose trace does not change if the $8is neighborhood should also be invariant to rigid motion. For that

of points “”9”90 3-D “g'ﬂ motlon tratlsformatlon. . 1The expression for the feature matrix is similar to that for the covariance
LetS = {7 =[v; y; 2] : j = 1--- N} denote the 3-D position matrix in multivariate statistics. However, the poirits here are not random
vectors of a set of points. The center of mass of this set (assumirggtors. They are deterministic points belonging to some surface patch.
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reason, we have used a “spherical neighborhood” around each pointVe assume that the continuous feature surface correspondi¥ig to
on the surface Given a simple surface in the form of a Monge patclis bicubic of the formi7 (z,y) = k1 + koa + kay + ka2 + kswy +

[3], S = {Flx,y) = [ y z(x, )] (x,9)eD} (D is some domain  key? + kra® + ksa?y + koxy” + k10y>. The value of the coefficients
the value of the trace feature at a pojnt= [z, v, z(x,,y,)]", ki throughk:o are computed by least squares data fitting. From these
is given by (4) where the surface of integratiénis the spherical values, the partial derivatives, and7, can be easily computed. The
neighborhoodS, of point p (see Section IlI). We denote the tracepartial derivativeZ: is computed by the first difference between the
feature as7. Since7, can be computed at every poipton the 7T values at the samgr,y) location in the successive frames.
surface, corresponding to any surfafe we can have a “feature Step 3: Thus, at any point of the ST volume, we have a pair of

surface” F = {[z y T(x,9)]": (z,y)eD}. equations (3-D flow constraint equation and elevation rate constraint
Now, if the surfaceS undergoes rigid motion with time, the equation)

moving surface can be represented 8&) = {7(x,y,t) =

[2(t) y(t) =(x(t),y(t),0)]" (,y,1)eV} where V denotes the Lu+Tw+0w+T =0 ®)

3-D spatio-temporal volume. Corresponding to the moving sur- Zeu+ Zyv —w+ Z; =0. (7

face S(¢), we will have a moving feature surfacé’(t) = )

([e(t) y(t) T(x(t),y(t), D]t (2,9, 1)V} u, v, and w denote respectively the, y, and = components of 3-

Since the featur@ is invariant to 3-D motion, it remains conserved® V€loCity. Now consider a small spherical neighborhdoaf this
along the trajectory of any specific moving point (i, for a point p (the radius of this spherical neighborhood is usually smaller

moving point does not change with time). HendeZ /dt) = than that usgd in Step. 1). Sinde is a small neighbprhood, we
(0T J9x)(dx/dt) + (9T /dy)(dy/dt) + (9T Jot) = 0. Denoting assume a uniform velocity over the neighborhood. This, by the way,

partial derivatives with subscripts and= (d«/d¢) andv = (dy/d¢), enforces a measure of smoothness on the velocity field [7]. Thus every
we have | point in the neighborhood yields two equations in three unknowns.

Assumingm points in the neighborhood, we hage: equations in
Tou+Tyv+ 7T, =0. (5) three unknowns, which forms an overdetermined system.
The pair of equations contributed by a poinfi.e., the position
For every point of the spatio-temporal volume, we have an equatigactor 7, ¢2) is weighted by a “window function’W (), which
of the above form. varies inversely as the distance of that point from the center of the
It should be noted that in case of a moving surface, the spheriggdighborhoodp (position vector?, ), i.e., W (7%, = (1/c1 |7 — 7).
neighborhood comprises g@ints in the same time frame onlfhe  Thys equations contributed by points further away from the center
Sphel’ical nature Of the neighborhood makeS |t inVariant to 3-D rigw‘e We|ghed |ess Compared to the C|Oser ones. In our experimentsy
motion and hence ensures that corresponding sets of points from egel taken to be two in all cases.
frame are used for feature computation. Moreover, as pointed out earlier, 3-D flow constraint equations are
It can be seen that (5) is the exact 3-D analog of the optical flogr more robust with respect to noise and discontinuity compared
constraint equation of Horn and Schunk [6]. While the latter expressg@selevation rate constraint equations. Hence, the former are further
the conservation of optical intensity along the trajectory of a mOVir\E}eighted by a factor; (in all our experimentsw; = 1000). Thus
point, the former expresses the conservation of the trace of the featiygehave an overdetermined system of weighted linear equations over
matrix along the same. Accordingly, we will refer to (5) as 8%  the neighborhood?, from which«, v, andw are solved by singular

flow constraint equation value decomposition techniques [8].
In practice, we will be given a sequencedifcreterange images.
In that case, our algorithm consists of the following steps. A. Recovering Rigid Motion Parameters

Step O: Obtain the 3-D Cartesian coordinates corresponding to ) i r
every point in every image in the sequence. . The instantaneous angular velocify = [w1 w2 ws]® and the

; - T
Step 1: Compute the value of trace feature at every point, thjgstantaneous translational velocity = [T\ T> Ts]' can be

generating the feature surfa@é., y) for every image in the spatio- 'ecovered from the calculated 3-D flow field. af= [u v #x][ be
temporal (ST) volume. the computed velocity of a 3-D scene point= [X Y Z]", then

-

There is a tradeoff involved in selecting the radius of the spherica= 1+ X 7. Writing the above equation in terms of its components
neighborhood in feature computation. While a large radius is better W=T 4w —wsY v=T+wsX —uwr”Z
from the viewpoint of noise and discontinuity elimination, too large
a neighborhood will “oversmooth” the image, i.e., the local surface w=Ts5+w1¥ —wp X. ®)

patches around r_leighbo_ring points will become indistinguishabl.?his set of equations has six Uunknowis, Ty, Ts, w1, ws, ws. Each
so that the algorithm will estimate zero values wfv there. In oint (X. Y, Z) for which a reliable estimate far, v, andw exists,

our expe_rlme_nti,othﬁ radl_us cf>f spherical nelghbodrr;ood in feat I yield three equations like (8). All these equations together form a
computation is (the units of measurement doand  are same heavily overdetermined system, from which the six unknowns can be

as that f9r the coordina_te sys_terr!). ) , . solved. The (un)reliability of the, v, w estimate obtained at a point
Step 2: Compute partial derivatives, , 7,, and 7, at every point Fifc' given byw (Tou+T,v+T0)2 +(Zou+ Zyv+ Zi —w)?, where

in ST yolume. G'VenTa dl'_sc_rete surface, the planar nelghborhoodt& is the weight associated with the 3-D flow constraint equations
any pointp: [#; y; z;]' onitis the set of point§[z; y; z,;]": (x; —

0 2k c i h as described in the last section. Thus, while computirand 7', we
@i)” + (yj — yi)” < c} for some constant. Corresponding o the jis.o any point whose unreliability is larger than a threshold.
planar neighborhood, we have a local discrete feature surface
{(wi,y:, T (vi,y;)): i varying over all the neighborhood poirjts
IV. NOISE ANALYSIS
?At any point, sayp, on the surface, a sphere of specific radius, 88y | this section we will analyze the noise properties of the trace

is drawn, withp as center. The pointen the surfacethat lie within the ; ~
volume of this bounding sphere constitute the spherical neighborhoed Offeature denoted in (3). We assume that the, and = components

denotedS,,. Thus,S, is a portion of the surface on which any poinsatisfies of the noise vector are uncorrelated. The expression is symmetric
dist(p, ¢) < a. with respect to ther, y, and = axes, i.e., the three ternis; — u*)?,
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(y: — p¥)?, (2 — p)? are identical in form. Accordingly, we will
carry out our analysis on a generic term of the same form. Let
F={fi:i=1--- N} denote a set of discrete values. lbgtdenote

the (zero-mean white) noise function, added to the true vlue
produce the (noisy) observed quantfty= f; + n;. Let the variance

of the noisevar(n;) be ¢2. We will analyze the effect of noise on
the quantityy = (1/N) SiL,(fi — py)*

Now, f; itself is another Random Variable. Since the noise is zero-
mean (i.e..E(n;) = 0), its expected valu&(f;) is equal tof; and
variancevar(f;) = 2.

Consider the center of magg = (1/N) L., fi and the corre-
sponding observed quantifyy = (1/N) 2, f;. Using well known 4
properties of linear combinations of random variables, we have the
expected value of the center of mads(ay) = py. Similarly,
we can compute the variancewr(jiy) = var (1/N y =N ) =
(1/N?) =X, var(fi) = (1/N?) X, ¢2 = (02/N). Thus,
var(iy) — 0 as N — oco. Hence, by Tchebycheff inequality, the
value of the random variablg; approaches a deterministic value
equal to its expected valye; as N becomes large. In other words,
the effect of noise is negligible oay for large values ofV.

Now, let us consider the quantity and its observed value

i = (YN)SL(fi — fiy)*. For large N.jiy = py, and 5 =
(l/N)E,: (f: +n: — ps)? It can be easily shown that the expected
value,E(%) = v+ ¢2 and the variancear(3) = (4/N?)XX, (fi —
pe)lod 4+ (204 /N). Assuming, (1/N)(f; — ps)? remains finite,

(i.e, the setF is bounded)var(y) — 0 as N — oc. Thus,
using Tchebycheff's inequality, for larg®’, the random quantityy
approaches a deterministic value equal to its expected value?,

e., its true value plus a constant equal to the variance of the noise.

Since the trace feature is a sum of three terms of the form tfe
cumulative effect of noise on it is the addition of a constant valugig. 1. Generalized step discontinuity in 3-D.
Since in this algorithm, we always use the derivative of the trace
feature, rather than the feature itself, this constant term contributed
by noise cancels out. In other words, (5) is expected to be quite robusl;/
with respect to noise if the number of points in the neighborhood used
to compute the trace feature is large.

<
>

V. DISCONTINUITY ANALYSIS L

In this section, we analyze the behavior of the trace feature in thé
presence of a step discontinuity in the moving surface. Fig. 1 shows® N
a surface which has such a discontinuity. Without loss of generallf[y,
we can assume that the coordinate axes are aligned as shown in Fig. 1
(the constantZ lines are parallel to th& axis). Since there is no \\
variation along thé@” axis, we will drop it from further analysis. This \\ y
will allow us to carry out our analyzes in 2-D. The corresponding ™. ,//
2-D situation is shown in Fig. 2. T —_—

The equation of the 2-D curve with step discontinuity (Fig. 2) can Case ash Case a<h
be written as

Fig. 2. Simplified 2-D diagram.
—{—l +ar <0

Z(x)=1¢ ;2 ie.,
g Fow w20 Al@) = {s: (s = o) + (Z(s) - Z(2))* < a*}.

Thus,lim, o_ Z # lim,_oy Z and the derivative ofZ with Denoting||A(z)[| = f,,, ds. we have the center of mass
respect tox at « = 0 is unbounded. Let us analyze the nature () =[,U1(;L')uz(w)]T
of the proposed trace feature in the vicinity of the discontinuity. T
In order to compute the trace feature, we need to consider a 1 A Z(s) ds ©)
spherical neighborhood which, in the 2-D case reduces to a circular - ||A(;r)|| 4(1) A(x)
neighborhood. In the following discussiondenotes the radius of the ) )
bounding circle and: denotes the size (jump) of the discontinuity.  f(z) = i ((s = pi(x))” 4+ (Z(s) = Z(x))") ds.

A
Let p(x) = (x, Z(x)) be the point at which we are evaluating our A1 ( A=)

trace feature. The corresponding domain of integratiof(is), which
stands for the set of points, Z(s)) such thatdist(j(«x),p(s)) < a, Two cases may arise, case lais- h and case 2 is < h.

(10)
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Consider case 1 first. We will evaluate the trace featf(re) at
two points lying on two sides of the discontinuity but arbitrarily]
close to it, i.e., we will evaluatef(0—) and f(04) and show

them to be equal. Sincﬁmqﬂo_ Z(:c) = —(h/2), we have 3ol

lim, o A(x) = A(0=) = {s: ()% + (Z(s) + (h/2))> < a2} N
Breaking this domain |nt0 two portions correspondingstg 0 and N\
5>0 we get / N

A(0-)

5 h R\’ 2 ,/ A\
518" + 3 + as + 5) ~ a® <0 s <0 / \

5 h n\? 5 ///
518" + 5—1—@5—{—5 —a” <0 s> 0. \

The first domain(s < 0) yields {—p < s} wherep = (a/v/T + a2). il
Factorizing the quadratic term, the inequality on the second domgin
can be written as /

(s—i— VaZh? + (a2 = h2)(1 + a2 )—|—ah> \\

1+ a2

(s R F (@ =R (A +a?) - ah) 0. \

14+ a2

The first factor is>0 for s> 0. Hence for the product to bg 0. |
the second factor has t@ 0. Hence the second domain become / 5 |
s < g whereq = (y/a2h? + (a2 — h2)(1+ a?) — ah/1 + o). / |
It should be noted that for >/ the term under the root sign \
as well asq are nonnegative quantities. Summarizing, we havge i = - 5 ) 7
A(0—) = {s: —p < s < ¢} wherep andq are shown above. Hence,
|A(0-)|| = p + ¢. Substituting these values in (9) and (10) we get

T
u(0—) = {q —.p) <I—I _ b + a(q —p)>:| Fig. 3. Trace featuref(x) with Z(x) discontinuous att = 0, = 0,
2 2 q+p a = 10,h = 6.
2
F0=)=(1+a )(q 1—21)) a;fﬁ (,pj_h =
e prd A plot of f(x) on two sides of the discontinuity is shown in Fig. 3
Proceeding in a similar fashion, it can be shown thd+) = for 4 = 10 and% = 6. It should be noted that as— (0, more points
{s: —¢ < s < p} and[|A(0+)]| = p + ¢. Substituting in (9) and are included from the other side of the discontinuity. Since, these
(10) we get points are further away from the center of mass, their contributions
; (p—q) [ h qh ! T to the trace feature are larger. Hence, the overall value of the trace
w(0+) = { — <§ T i+p - q))} feature is higher near the point of discontinuity.
- 7 5 In case 2(a < ), the domain of integration includes only one side
F0+H) =1 +a )(q +p)* | apgh 4 _pah _ of the discontinuity. In other words, points from only one side of the
12 a+p  (p+9)? discontinuity are involved in computation of the center of mass and
Thus, we have shown that(0+) = f(0—), meaning f(x) is the trace feature. Consequently, the discontinuity is not smoothed out.
continuous atr = 0, even thoughZ(zx) is not. Thus it has been shown that the proposed technique smooths out the

In order to provide a feel for the behavior of the trace feature nesymmetric discontinuities whose size is smaller than the radius of the
the point of discontinuity, the expressions for the above quantities l@unding sphere.
general functions of: (in the special case af = 0) are as follows:

(=) = Kl : _(, \/—h)> VI. IMPI._EMENTATION AND RESULTS
B The proposed technique has been implemented on a Sun Sparc-
h hx — a) ! station 2 in C language. In order to study the effect of noise
"\ 2 + a _|_4/—- 2 on the conservation of the trace feature, we took a set of 3-D
1 _ vy ) points, 51 = {7i1: te[1,N]} and imparted a known rigid motion
fla=) = E(a+ Va2 = 1?)* - e—a \;~—hz 5 : (R,T) to obtain the transformed sét = {#: 4e[l, N]}, where
(a4 Va2 = h%) ;2 = R, + T. White Gaussian noise was synthetically added to
p(et) = KH_ l(a _ m)) the points inS;. The trace feature was computed at every point
2 in S; and S> using a radius of spherical neighborhoed Thus,
h h(z—+aZ—=h2) g two sets of trace features were obtain€d,= {7;: je[l, N]} and
<§ + m)} T' = {T]: je[1,N]}. Ideally, 7; should equalZ;, but that would

not be true in the presence of noise. The corresponding relative

2¢, N o ) ; , ,
Flat) = i((,, V@ ) h (x,"' a)(x ‘ “f : hz). error measurél/N)SiL, (7, — T})?/7}?) is denoted as the mean
12 (a4 Va* —h?)? square conservation error (MSCE). The MSCE was computed at
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Fig. 4. The

industrial part image.
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TABLE |

EXPERIMENT SET 1

Std. Dev. | Proposed Approach | Horn and Harris Approach
of Noise | % error ||&||, | Tl % error ||@|, |7

0 5.04, 1.49 8.04, 1.94

5 6.06, 2.08 10.41, 4.59

8 7.19, 3.31 11.47, 6.32

10 8.45, 448 12.38, 7.64
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Fig. 7. X.,Y components of the estimated velocity field for the industrial

Fig. 5. Percentage mean square conservation error. .
part image sequence.

motion (0.02 rad about an axis parallel to theaxis passing through

the center with a translation of 0.5 units aloAigaxis) was imparted

to the industrial parts image shown in Fig® Zhe percentageerrors

in angular and translational velocities for the proposed as well as
Horn and Harris approach has been provided in tabular form in
Table I. The accuracy of the proposed approach was greater in each
case. In order to provide a visual feeling for the performance of
the proposed approach, the vector needle diagram corresponding to
X.,Y components of the estimated velocity field (O noise case) is
also provided in Fig. 7.

The second experiment demonstrates the capability of the proposed
algorithm to handle multiple motions. The input image was prepared
by cutting two square patches from different images, and pasting them
at opposite corners of a 256 256 black background. The top patch
was given a rotation of 0.1 rad about an axis parallel toZhaxis,
passing through middle of the right border, along with a translation
of 0.6 units alongZ axis. The bottom patch was given a rotation of
—0.1 rad about an axis parallel 6 axis, passing through the middle

of the left border, along with a translation ef0.6 units alongZ

different levels (i.e., standard deviations) of noise and different valug§is_ The needle diagrams correspondingitd” components of the
of 7. The results are presented graphically in Fig. 5. As expectegLiimated velocity field (0 noise case) are shown in Fig. 8.
the error increases with the standard deviation of the noise. For a

given standard deviation, the MSCE decreases with increasing

corroborating the analysis in Section IV. For all these experiments, VII. CONCLUSIONS

[|S1]] = [|S=|] = 512 x 512. A technique for computing the 3-D velocity field from a sequence
In order to benchmark the proposed approach against that adfrange images is presented. The technique utilizes a new integral

Horn and Harris, numerous experiments were conducted with knowtD rigid motion invariant feature, whose conservation along the

ground truths, at different levels of synthetic noise. In each case, th@These range images were obtained from University of Michigan Artificial

angular and translation velocities were estimated using the methagiiigence Laboratory, the original source being the Environmental Research
outlined in Section IllI-A. In one of these experiments, a complexstitute of Michigan.

Fig. 6. The multiple moving object image.
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An Intelligent Mobile Vehicle Navigator Based
on Fuzzy Logic and Reinforcement Learning

Nelson H. C. Yung and Cang Ye

Abstract—in this paper, an alternative training approach to the EEM-
based training method is presented and a fuzzy reactive navigation
architecture is described. The new training method is 270 times faster in
learning speed; and is only 4% of the learning cost of the EEM method.
It also has very reliable convergence of learning; very high number of
learned rules (98.8%); and high adaptability. Using the rule base learned
from the new method, the proposed fuzzy reactive navigator fuses the
obstacle avoidance behavior and goal seeking behavior to determine
its control actions, where adaptability is achieved with the aid of an
environment evaluator. A comparison of this navigator using the rule
bases obtained from the new training method and the EEM method,
shows that the new navigator guarantees a solution and its solution is
more acceptable.

Index Terms—Behavior fusion, fuzzy logic, goal seeking, neural net-
work, obstacle avoidance, reinforcement learning, vehicle navigation.

Fig. 8. X.,Y components of the estimated velocity field for the multiple
object image sequence.

I. INTRODUCTION

trajectory of a moving point forms the basis of a 3-D flow constraint -;hf naylgatlon Icl)'f a rr]lOb"e \;re;;:cie cagl betﬁonsnrj]grledt a? a tTSk
equation. This equation is the 3-D analog of the well known optic F erermining ecotision free patithal enables the venicle 1o frave

flow constraint equation. The velocity components at every poi rough an obstacle course from an initial configuration to a goal

. . . . figuration. The process of finding such path is also known as the
m | m m of Gantg p 9 p
's computed by solving an overdetermined system of equatio %th planning problemwhich could be classified into: global path

obtained from the neighborhood of the point. Theoretical analysB? i d local path planninGlobal path planni thod
are presented to establish the noise and discontinuity robustnesd gf "9 and focai path p annin@ilobal path planningnethods are

the proposed 3-D flow constraint equation. Results of the expeyéually conducted off-line in a completely known environment. Many

mental performance evaluation of the proposed technique support ghempts at tsolwgghthlsbproblem gafve bleen _t”edth[l]’ ngeriﬁm h
theoretical analysis results. environment modehas been used for planning the path. oug

tgese approaches have an exact solution, their time complexity grows

The authors are currently investigating the application of th th th A lexit d all ith th
proposed invariant to correspondence based 3-D motion detectifr,’ e 9eOMElry compiexity and grows exponentially wi €

The proposed invariant has potential applications in range imaﬁ%mb;rzeo(:n?egrrzizcg{ \Zﬁzgotrr?eIgnt\?i(raor\:r?]rgr?lterrio?;tliznsi[rzn].If-e”:aunsd
segmentation and analysis. Further research is necessary. y y P P

the number of degrees of freedom is reasonably low. However, real
environments are never simple enough. This fact has led to the
REFERENCES emergence of numerouseuristic approacheswhich rely on either

calculating thepotential fields[3] or performing a search through a

[1] K. Arun, T. Huang, and S. Blostein, “Least square fitting of two 3-D, bl
point sets, IEEE Trans. Pattern Anal. Machine Intelkol. PAMI-9, pp. state space modédl]. In general, these methods trade reliability for

698-700, 1987. speed, in which they do not guarantee a solution even if there exists
[2] H. Goldstein, Classical Mechanics Reading, MA: Addison-Wesley, one. Worse still, all these approaches fail when the environment is
1990. not fully known.

[3] R. S. Millman and G. D. Parkerzlements of Differential Geometry ; ;
Englewood Cliffs, NJ- Prentice-Hall, 1977, On the other hand, thiecal path planningechniques, also known

[4] B.K. P.Horn, E. Hildreth, and S. Negahdaripour, “Closed-form solutioftS t.he obst.aclt? avoidance methods, are_ potentially more effici(_ant in
of absolute orientation using orthonormal matricels,Opt. Soc. Amer.  Vehicle navigation when the environment is unknown or only partially
vol. 5, pp. 1127-1135, 1988. known. It utilizes the on-line information provided by sensors such as

[5] B. K. P. ngn and J. Harris, “Rigid body motion from range imagehe ultrasonic sensor, laser range finder, radar, and vision sensor, to
sequences,CVGIP: Image Understandingvol. 53, no. 1, pp. 1-13, 5 e the uncertainty. An efficient local path planning method is the

[6] é99K1 P. Horn and B. G. Schunk, “Determining optical flowartif.  Potential field method, which was first proposed by Khatib [3] and
Intell., vol. 17, pp. 185-203, 1981. has been widely used in obstacle avoidance cases [5]. In spite of it's

[7] B. Lucas, Ph.D. dissertation, Dept. Comput. Sci., Carnegie Mellogimplicity and elegance, this method has three problems: First, local
University, Pittsburgh, PA, 1984. minimum could occur and cause the vehicle to be stuck; second, it

[8] W. H. Press, B. P. Flannery, S. A. Teukolsky, and W. T. Vetterling,
Numerical Recipes in C Cambridge, U.K.: Cambridge Univ. Press,
1988. Manuscript received March 4, 1997; revised January 15, 1998. This work
[9] B. Sabata and J. K. Agarwal, “Estimation of motion from a pair of rangwas supported by the CRCG of The University of Hong Kong under Grant
images,” CVGIP: Image Understandingvol. 54, no. 3, pp. 309-324, 337/062/0016. This paper was recommended by Associate Editor A. Kandel.

1991. The authors are with the Department of Electrical and Electronic Engineer-
[10] G. StrangLinear Algebra and Its Applications New York: Academic, ing, The University of Hong Kong, Hong Kong (e-mail: nyung@eee.hku.hk).
1980. Publisher Item Identifier S 1083-4419(99)00910-3.

1083-4419/99$10.00 1999 IEEE



