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Abstract

The surface growing framework presented by Bed and
Jain [2] has served as the basis for many range segmenta-
tion techniques. It has been augmented with alter native fit-
ting techniques[17], model selection criteria[11, 15], and
solid modelling components|[6]. All of these surface grow-
ing approaches, however, require global thresholds. Range
scenestypically cannot satisfy the global threshold assump-
tion since it requires data noise characteristics to be con-
stant throughout the scene. Furthermore, these approaches
can only be applied to range scenes where large seed re-
gions can be isolated. As scene complexity increases, the
number of surfaces, discontinuities, and outliersincrease,
hindering the identification of large seed regions.

Wk present statistical criteria based on multivariate re-
gression to replace the traditional decision criteria used in
surface growing. We use local estimates and their uncer-
tainties to construct criteria which capture the uncertainty
associated with extrapolating estimated fits. Our criteria
allow small robust seed regions to grow to large surface
patches without the use of global thresholds. To make the
best use of these criteria, we restrict the surface expansion
processto very localized extrapolations. Thisincreasesthe
sensitivity to discontinuities and allows regions to refine
their estimates and uncertainties as they expand. Our ap-
proach has a small number of parameters which are either
statistical thresholdsor cardinality measures, i.e. wedo not
use threshol ds defined by specific range distancesor orien-
tation angles.

1 Introduction

Surface growing range segmentation [2, 4, 7, 17, 11,
15, 6] is alocal-to-global approach to surface reconstruc-
tion. Seed regions — initialy isolated from discontinu-
ities — are expanded until the boundaries of the surfaces
are detected. Theinitia regions must be selected such that
they avoid straddling discontinuities and avoid including
the outliers range sensors introduce along discontinuities.
If either of these constraintsis violated, the reconstruction
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may contain surfaces which bridge across the discontinu-
ities (under-segmentation).

The growing process involves repeatedly searching for
data which is consistent with the current region’s fit. A
location consistency test is used to identify potentia in-
liers. Then, an orientation consistency test checkslocal sur-
face normal estimates against the current fit. The former
serves to collect inliers, identify step discontinuities and
avoid outlierswhile the latter servesto identify crease dis-
continuities.

The benefit of surface growing is that it leverages off
regions of high quality data while searching for discon-
tinuities. Its strengths become increasingly important as
range sensors are used in more unstructured environments
— where the number of surfaces, discontinuities, and out-
liers increase. Existing regularization (see [3] for a re-
view) and image region growing [5, 1] techniques, demand
a high degree of local data integrity in image plane neigh-
borhoods, faltering when presented with the numerousdis-
continuities and outliers from unstructured environments.
Even robust estimators, designed for immunity to outliers,
are thwarted by the intrinsic structure in the outlying sam-
ples from across discontinuities [16].

Current surface growing techniques, however, have two
shortcomings. The first is a dependence on global thresh-
olds. For instance, points are identified as inliers if their
residual distances are within 3o range units of the current
fit. Unfortunately, the noise in a range image varies with
depth, orientation, and surface reflectance (see Figure 1).
Therefore, a global scale parameter may not be available.
Second, current surface growing techniques rely on large
seed regions. But as scene complexity increases, it be-
comes increasingly difficult to isolate large seed regions.

Here, we extend multivariate regression analysis tech-
niques, developing criteriato control surface growth. Our
criteriaare based on local estimates and their uncertainties.
This allows us to expand very small seed regions — even
though the estimates from these small regions may be very
uncertain. Our criteriaare best used when surface extrapo-
lation is localized, allowing estimates and uncertainties to
be refined during the expansion process.

Our location compatibility test is based on “single point
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(b)
Figure1: (a) Ground truth for a Perceptron rangeimage. Data courtesy of the University of South Florida[10]. (b) Robust scale estimates
for each ground truth surface. (c) Robust scale estimates for local regions on each ground truth surface.

prediction intervals’ (Sppi). The local fit and scale esti-
mates are used to define a region about the current fit to
search for candidate data. Theseintervalsadjust to the cur-
rent region size, estimates, and confidence; allowing small
fitsto recover frompoor initial estimateswhilestill protect-
ing a region from incorporating outliers or samples from
across large step height discontinuities.

Our orientation consistency test is based on the distri-
bution of estimated regression surfaces. The “normal pre-
dictioninterval” (NPI) comparesalocal surfacenormal es-
timate against the current fit. This criterion takes into ac-
count the uncertainty in the two normal estimates, avoiding
extrapolation into areaswhich have high confidence but in-
compatible normal estimates.

Finally, we add a criterion to the surface growing pro-
cess which tests a set of points as a group against the cur-
rent estimated fit. The“simultaneous prediction intervals’
(Sp1) improve discontinuity detection by identifying when
the set of candidate data favors one side (or halfspace) of
the estimated fit. Figure 2(b) illustrates such a case, where
pointsfrom the upper half of astep discontinuity fall within
the limits imposed by the location or SppI test. By testing
the candidate data as a set, this situation — and hence small
step discontinuities— can be detected.

Basing our criteriaon the multivariate regression model
has a number of benefits. Aside from using only local esti-
mates, the model allows for any surface order approxima-
tion (although we do not address the model selection prob-
lem here). Additionally, the multivariate regression model
allows for various dependent-independent variable combi-
nations, allowing the same criteriato be used for both sur-
face and space curve reconstruction.

We begin with a review of multivariate regression,
present condensed derivations of the three criteria, and fi-
nally discuss the alterations to the basic surface growing
model necessary to make the best use of these criteria.

2 Multivariate Regression

The multivariate regression model provides great flex-
ibility for working with various surface orders (planar,
quadratic, cubic) and ranks (surfaces, space curves), pro-
vides great inference power, and is a fairly good match to
physical range sensors (i.e. sensor measurements have in-
dependent and dependent components). When concentrat-
ing on surfacesmodelled as one dependent variableand two
or more independent variables, regression surfaces are of
the form!

y=B'x (1)
wherefor linear surfaces, x(q x 1) is avector
X= [ 1 X1 X2 ]/7 (2)

and for quadratic surfaces

x=[1 x1 % X xxe %], ©)

etc. However, the general multivariate regression model
[13, Chapter 6] is

Y =XB+U )

where Y(n x p) is a matrix of n observations of the p-
dimensional dependent variables, X(n x q) is a matrix of n
observations of the (q— 1)-dimensional independent vari-
ables (the first column of X is avector of 1's), B(g x p) is
the matrix of regression parameters, and U(n x p) isama
trix of independent, identically distributed random distur-
bances (typically with mean 0 and covariance matrix =).2
The maximum likelihood estimates of B and £,3

_ -1
B= (X'X)"IXYy, £y (In - X(X’X)‘lx’) Y, (5

1Throughout the text, we use the nomenclature from multivariate re-
gression. The resulting criteria can then be easily mapped to a surface re-
construction setting.

2Real sensors are not iid (Figure 1); however, localy = varies slowly,
soinalocal region X isapproximately constant.

3The maximum likelihood estimates require nonrandom independent
data. If theindependent dataare randomly distributed, the maximum like-
lihood estimates are interpreted as “conditional on X”.



yield estimated residualsU = Y — XB. If U isanormal data
matrix from Np(0,%) (i.e. each row of U is an independent
p-dimensional Gaussian random variable with mean zero
and constant covariance), then

. Bisan unbiased estimate of B,

E0] =

. Band U are multivariate normal,

. Band U are statistically independent, and B and = are
statistically independent,

5. ¥'s distribution is Wishart, amatrix generalization of

chi-squared, specifically nz ~W,(Z,n—q), and
6. the covariance between elements of B is
COV (Bij,Bu) = 01 ik, Where G = (X'X) L.

3 SppiI: Single Point Prediction Intervals

Given aregion of dataand an estimated fit, our first goal
isto defineavolumeabout thefit that restrictsthe search for
candidate data to add to the fit. The search volume should
contain the current fit's data and reflect the uncertaintiesin
the fit estimates. Thus, when a surfaceis small, containing
little data, the uncertaintiesin the estimates are high and the
search volume should be fairly large (in comparison to the
region size). This alows for small seed regionsto recover
frombad initial fit estimates. On the other hand, as surfaces
grow larger, thefit uncertainties reduce, and the search vol -
ume should be atighter bound about the fit. In thismanner,
outliers and samples from nearby surfaces can be avoided
during the surface growing process, resulting in large sur-
face segmentswhich yield more accurate surface estimates.

We start with an estimated fit B and consider adatapoint
(x¢,ys) that was not used in cal culating the estimate B. (Us-
ing the generality of equation 4, the dependent variablesare
yi (p x 1) and the independent variables are x; (q x 1) where
thefirst element of x; isal1). Assuming Gaussian errors, ys
isdistributed as ys ~ Np(B'x¢,Z) and y;’sresidual to the fit
B can be shown to be distributed as

nWN PR

yi — B'xs ~ Np(0, (14 X; (X'X) " 1x¢)Z), (6)

with the increase in covariance caused by the uncertal nty
inthe estimate B. Sincethisresidual isbased onB, and Bis

independent of £, aquadratic form involving y; — B'x; and
3 can be composed, resulting in the statistic
n—q (yi—Bx)/Z Yy —Bx)
~Tona O

n 14X, (X'X)~Ixg

This statistic is a Hotelling T2 random variable, which is
related to the morefamiliar F random variable. For the case

4Composing quadratic forms between Gaussian random variables and
independent Wishart random variables is a standard means of creating a
univariate statistic with adistribution known as the Hotelling T2. See[13,
pages 73-79].

@) (b)
Figure2: A step height of 40 and adatadensity of 3 samples/unit.
(a) Seed region with Sppi hyperbola. (b) Spri filtering allows sur-
face to grow and avoid outliers. Step discontinuity is detected by
SPI (Section 5).

of univariate dependent variables (p = 1 asistypically the
case in surface reconstruction), equation 7 is equivalent to

n—q (yf — B'x¢)?
n (1+ X, (X’X)—le) 52

~Fang~thqg @

Placing a bound on the statistic in equation 7, i.e.
Pr[ < T2 —q)a «/ =1—a, the single point prediction
mterval ?SPPl) for the value of the dependent variables
yi(px 1) measured at x;(qx 1) are the zeros of the implicit
function

n—q (yi—Bx)'Z "y —B'%) __, o
n 1+, (XIX)~1xg =Ton-ga- O

Converting equation 9 to an inequality creates a crite-
rion which tests whether apoint (xs,ys) — not used in esti-
mating B — is close enough to the estimated fit B to poten-
tially be considered one of itsinliers. Theresidual distance
isnormalized by the estimated covariance and scaled by an
amount reflecting the uncertainty in £ and B and scaled by
the normalized distance from x; to the mean of X (theinde-
pendent variablevalues on which B and £ are based). Thus,
SpPI intervalsincrease the further afit is extrapolated.

All samples whose independent variables lie within
the extrapolated region and whose dependent variableslie
within their respective SppI’s can be considered candidate
data(seeFigure 2). Note, equation9ismultivariateand can
define different search shapesfor different combinations of
independent and dependent variables (Figure 3).

4 NpI: Normal Prediction Intervals

The normals comparison framework is based on regres-
sion surfaces with a single dependent variable and two in-
dependent variables.®> We test the compatibility of the es-
timated normals for surfaces B; and B, at a given point
B = [x1%o)’, which requires extrapolating the surfaces’ nor-
mal functions and uncertaintiesto the point g.

5A similar criterion could be constructed for local tangent directions
for the case of reconstructing space curves.
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Figure 3: Traces of Sppi (equation 9) for p+q—1 = 3 with (a) p= 1 (plane), (b) p = 2 (space curve), and (c) p = 3 (point cloud). A
comparison of the three prediction interval regions for the same variance structure is shown in (d).

Thenormal function for afit B mapsapoint p to the nor-
mal vector to the surface B at B, i.e. A(B, p) = A(B, [xq,%]).
We define the normal function by writing our regression
surface parametrically

/

Sx,X) = [ X X 1871, (19

taking the partials of Swith respect to x; and x,, and finally
taking the cross product of these partials

[1 X1 X2

g

sl | X ’\/%(1
n(B’{ X D - ’Bler : (1)

Note the normal function does not have unit length. As
defined in equation 11, the normal functionis Gaussian dis-
tributed on the y = 1 plane since it is a linear mapping of
B which is Gaussian distributed (see Section 2 and [13,
Thereom 3.2.1, page 62]). Normalizing the normal func-
tion would result in a non-linear mapping of the distribu-
tion onto the unit sphere, resulting in non-Gaussian random
variables (see Figure 4).

Thecompletedistributionfor i f, [XlAXZQ/ can be deter-
mined directly from the distribution of B (given in Section
2). Sinceonly two of thethree componentsof fi arerandom,
we concentrate on the distribution of

(A, [ -BE

n§—|:ﬁxz :|§|:—/B\/§i:| (12)
Using the covariance of linear forms [13, page 30] and the
covariance of the componentsof B giveninthe Section 2, it
can be shown that the distribution of aregression surface's
normal at the point g isgiven by

[ﬁxz}ﬁ NZ([nX2:|7O- {axl aXZ} ¢ 0xy 0% (13)

y
|

r&z

Figure 4: An estimated normal’s distribution is Gaussian in the
space of [ny, Ny, 1]’ butisnot Gaussian if normalized.

where [ny, ny,]" isthetrue normal, o isthe true scale, and
m, 1" [Gu G

G:X’X‘lz[ m 1} :[ 11 12] 14

COT=1 g xpx Ga Gz | M

Tosimplify, letH=[ 2 2 |'c[ 2 & |,

0Xq 0Xo

Ny, Ny,
[ ix, }§NN2({ N,

4.1 Normal Compatibility Criterion
Our goal is to construct an orientation consistency cri-
terion, allowing the comparison of extrapolated normals
from two surfaces B; and B, at agiven point p. Here, we
use the distributions derived in the previous section to con-
struct a criterion which does not require knowledge of the
population parameters (o, By, or B,). Theresulting NP cri-
terion is suitable for all regression surface orders and can
even be used to compare estimated normals at a point for

two surfaces of different surface orders.

We assume the two fits B, and B, are derived from inde-
pendent sets of samples. Under these conditions, the two

estimated normals are independent; and when the two fits
are derived from the same underlying surface,’

,02H> . (15)

(fig, — ig,) ~ No (o, 0% (Hg, + HBZ)) . (16)
Using the linear property of Gaussian distributions,

a [02 (Hg, +Ha,)] (g, ~ig,)
Vaa

for al vectorsa[13, Corollary 3.2.1.1 & 3.2.1.3, page 62].

Furthermore, since the two fits are derived from inde-
pendent sets of samples, we havetwo independent scale es-
timates, 65, and 6g,. Theseindependent scal e estimates de-
fine two independent chi-squared random variables

~N(0,1) 17)

&, 68, -
1 2
Me 2 ~Xime,-as)  MB2 gz ™ Xime,-qs,) (18)

SExplicit assumption: when EA51 and EA52 are describing the same sur-
face, they are also describing the same scale parameter O.

"We use subscripts By to refer to parameters estimated for surface By,
i.e. Mg, isthe number of points used to estimate Bj.



where the g's are the number of parameters in each fit.
Since these chi-squared random variables are independent,
their sumisachi-sguared random variablewith the sum de-
grees of freedom[9]

1 A2 ~D 2
2 (mBchl + m?»chz) ~ x(”\aleraz*qu*qu)' (19

Equations 16 and 19 are independent (see Section 2) and
combineto form at random variable, wherefor all a

/ -1/2 /A A
\/aa,_a [02 (HBl + HBZ)] / (nBl - nBz)

\/;12 (me, &3, +me, 83, ) /(me, +Me, g, —Gi, )

™~ Y(mg, +ms, —Cp, —0s,) "
(20)
Equation 20 represents a conversion of the multivariate
problem of comparing two two-dimensiona random vari-
ables (the normalsto the two surfaces) to an infinite set of
univariate statistics. Since this statistic must be true for all
vectors &, we only need to examine the vector & at which
the statistic attains its maximum value.® It can be shown
that [13, Corollary A.9.2.2, page 480]

=Xx. (21)

Therefore, we can reduce the infinite set of statistics de-
fined in equation 20 by squaring the statistic and applying
the property of the maximum just described, arriving at the
single univariate statistic

(ﬁB1 - ﬁBz), [HBl + HBz] - (ﬁB1 - ﬁBz) ~ 12
(nhlé§1+rr1526é2)/(nhl+msz—qu—qB2) (e, M, ~Ge, s, )’
(22
Setting a confidence bound on this statistic, we obtain a
criterion for comparing the estimated normal from two sur-
faces at a particular point.

5 SpiI: Simultaneous Prediction Intervals

SpPpPI's define an interval or region about a current fit
whichislikely to contain the dependent variabley; at apre-
scribed independent variable location, x;. As a search for
candidate data, SPPI’s test each point individually for po-
tential inlier status. However, this test aone tells us noth-
ing about the candidate data set as a whole. Consider the
case where all the data pointsin the extrapol ated region fall
just within the upper bound of their Sppi’s. Figure 2(b) il-
lustrates such a case, where points from the upper half of
the step fall just inside of the SPpPiI’s for the lower half of
the step. Although each point passes an individual inlier
test, thelikelihood of all the data pointsfalling near the up-
per tail of their respectivedistributionsiscollectively small.
This situation should indicate that the candidate data is at
least partly composed of samples from across a small step

8Union Intersection Principle, see[13, Chapter 5].

discontinuity. Thus, if weuseatest onthe collection of can-
didate data, we can identify smaller step heights than with
Sppi'salone.

There is another motivation for testing the candidate
dataasaset. Whilethe candidate dataare assumed to bein-
dependently distributed, their residual valuesrelative to an
estimated fit are not independent. In fact, it can be shown
that the covariance between the residual® r measured at x:
and residual rt measured at x; is given by

COV[rf, ] =x"(X'X)" % i#]. (23

The collection of candidate points needs to be com-
pared as a set against its “simultaneous prediction inter-
val” (Spi). For the case of one-dimensional dependent vari-
ables, the simultaneous prediction interval reducesto a k-
dimensional Student-t random variablefor which there ex-
ist multiple approximate interval solutions[12, 8]. Here,
wederiveasummary statistic whichisitself univariateyet
still applicable to multivariate dependent variables.

Consider a set of k points, not used to estimate B and £,
represented in the matricesY*(k x p) and X*(k x q). The set
of k residuals to the regression surface are given by R* =
Y* — X*B, whereeachresidual (row of R*) isfromadifferent
distribution (equation 6) and theresiduals' pairwise depen-
dence is given by equation 23. Since each row of R* has
a different distribution and the rows are not independent,
we cannot treat R* as a normal data matrix [13, page 65].
However, we can operate on R* asasingle random variable
by “vectorizing” R*. The variable R* isthe (kp x 1) vec-
tor formed by stacking the columns of R*(k x p). Consid-
ering the distribution of each rf and their interdependence,
the distribution of R*Y is given by

RY ~ Nep(0,Z® A), (24)

where“®" isthe Kronecker matrix product [13, Appendix
A] and A= 1+ X*(X'X) ~IX*.
Since RV is akp-dimensional normal random variable,

aRY ~ Ny (0,d(Z®A)a) (25)

isunivariate normal for all fixed vectorsa(kp x 1) (see the

definition of amultivariate normal [13, pages 60-62]).
Furthermore, since the regression surface’s estimated

covarianceis Wishart, i.e. ns ~ Wp(Z,n—q), then

ndsc o,
osc " Xin-a)
isachi-squared random variablewith n— q degrees of free-
dom for all fixed vectorsc(p x 1) [13, page 67].
Given equation 25 istruefor al vectorsa(kp x 1), thenit
truefor vectorsof theforma=c® 1, wherecisthe (px 1)
vector used in equation 26 and 1, isa(k x 1) vector of ones.

(26)

9We use the “asterix” to indicate these points were not used in calcu-
lating the estimated fit.



Thus, we can combine equations 25 and 26 (R*Y and £ are
independent) to form a series of t statistics

(col)RY//(CcoL)(ZaA) (ca L)
Vagcze/c'zc
parameterized by c, each with n— g degrees of freedom.

Using techniques similar to those in Section 4, equation
27 can be reduced to the single univariate statisticl®

~log @)

k(n—q) /s 1r*
! ~

n+k+k(YI—Y1) bive (YI—Yl)

~ t<2r1fq) (8)

where r* is the mean of the new residuals, X; and X; are
the sample means of X; and X; (where X = [1, X;] and X* =
(1 X;]) and Sx isthe sample covariance of X;.

Placing a confidence bound on this statistic yields our
SPi criterion which tests the k candidate data points for
“group” inlier status. Asinthe Sppi and NPI case, the SPi
criterion takesinto account local fit and noise estimates and
theuncertaintiesassociated with these estimates. Addition-
ally, the Spi criterion factorsin “where’ the candidate data
isdrawn and the dependence between the new residuals, al-
lowing the mean residual to grow with the average degree
of extrapolation (using the Mahalanobisdistancein X;). Fi-
nally, the Spi criterion is a univariate statistic suitable for
segmenting both surfaces and space curves of arbitrary or-
der.

6 Surface Growing

To usethe Sppi, NP1, and SPi criteriain asurface grow-
ing algorithm requires a few adaptations to the basic sur-
facegrowingmodel. Welimit the presentationto extracting
connected regions. Thiswill allow usin the futureto com-
pare our techniqueswith other segmentation algorithmsus-
ing the University of South Florida's Segmentation Com-
parison Tool [10].

Aswith all the surface growing algorithms, we start with
a set of seed regions. Here, we leverage off the criteria’s
ability to factor in uncertainty, and seed with small surface
patches extracted from a robust local operator. We chose
to construct our seed regions using MUSE [14] due to its
abilities to withstand outliers and extract multiple surfaces
inagiven region.

To usethe NP criterion, we calculate robust normal es-
timates for every pixel assigned to a seed region. To com-
pensate for MUSE’s window based extraction, the initial
normals are calculated by finding least-squaresfitsin5x 5
neighborhoods centered at each pixel, limiting the fit to
only those points which fall within the Sppi limits of the
pixel's seed surface. This alows the initial normals to be
based on pixels from different MUSE windows, yet still

ODetailed derivations will be made available on our web-site.

limit the calculation to pixelsthat are likely to be from the
same surface.

To alow for a greedy surface expansion algorithm
(where we do not need to expand every seed region), we
order the seed surfaces based on an estimate of the confi-
dencein the seed fit. The confidencein a surface increases
with its area and number of points, while it decreaseswith
increasing scale. Therefore, we order the seed segments by

n \ix\ /6. (29)

A seed regionwill not be expandedif itspixelshavealready
been assigned to other surfaces.

Applyingthecriteriato surfacegrowingisrather straight
forward. A set of candidate pointsis selected and tested
for location compatibility using the surface’s SPpI limits.
Points already assigned to a non-seed surface are allowed
to switch surfaces only if the new region providesa higher
confidence estimate of the reconstructed point (i.e. the
width of the Sppi interval isless for the candidate surface
than for the surface it is currently assigned).!! The points
surviving aretested for orientation compatibility using their
initial normal estimates (if available) and the current sur-
face's NP limits. Finaly, any points remaining are tested
asagroup using the Spi limits.

The main adaptation to the surface growing algorithm
isin selecting the candidate points. Most surface growing
techniques gather all the points connected to the current re-
gion that pass their location and orientation tests. How-
ever, we want to use the group location compatibility test
(SP1) toassistinidentifying step discontinuities. Tousethis
criterion effectively, we localize the selection of candidate
points. Otherwise, we could be testing a group of points
from across several different boundaries. We localize the
expansion by selecting a point on the boundary of the re-
gion and gathering the pixelswithin a prescribed radius on
the image plane. The points within this radius (a 3 pixel
radius works well) not already assigned to the region form
theinitial candidate set. To insure the region remains con-
nected during expansion, the points surviving the Sppi and
NPI tests are check for connectivity with the current region
and only the connected subset is tested against Spi. If the
set of points passes the Spi test, they are added to the re-
gion, and the surface estimates are recalculated. Another
candidate location is selected and process repeats until the
surface can no longer expand. Another surfaceis then se-
lected for expansion.

After a complete pass through the seed surfaces, the
expansion process is repeated to refine discontinuity lo-
cations. Points near crease discontinuities can typically

U Requiring asurface to produce ahigher confidence estimate is another
diversion from existing techniques. Most techniques define the “better”
surface at a point using the residua distance, not the SppI widths.
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Figure 5: At h = 40, areconstructed step contains two surfaces,
each with 96% of the data from their side of the step and lessthan
0.5% of the data from across the discontinuity.

pass the SPpI test for either of the surfacesinvolved in the
crease. Furthermore, due to the uncertainty in the initial
normal calculation at a crease, these points may also pass
both surfaces’ NPi test. To refine crease locations, we re-
move the constraint that a point can only be assigned to the
surface producing the smallest Sppi interval, and replaceit
with a constraint based on the intersection of the two sur-
faces (see[6]).

7 Analysis

One of the major strengths of the prediction interval
framework liesin the ability to reconstruct very small mag-
nitude step discontinuities. The Spi facilitate localized
queries along the boundary of aregion, identifying when a
local expansion attempts to cross a discontinuity. Figure 5
illustrates the abilities of SPi. Here, we ran repeated simu-
lationson 30 x 30 datasets containing asingle step disconti-
nuity of various magnitudes. The step divided the datainto
one 600 pixel region and one 300 pixel region. The predic-
tion interval region growing system was seeded with two
6 x 6 regions, oneon each side of the discontinuity. Tomea-
surethe performance, we cal culated the fraction of each re-
gion reconstructed by the largest extracted segment. For
very small step heights, asingle bridging fit was extracted,
covering 95% of the data from both regions. However, by
h = 4a, two surfaces were extracted, with the largest ex-
tracted surface covering 95% of its side of the step while
covering less than 0.5% of the other side of the step.

Thisisasignificant result since without Spi, the theoret-
ical limit for surface growing'? is between 50 and 60. This
theoretical limit is twice the location threshold which must
besetto2.50to 3o in order toidentify and gather theinliers
to aregion. Also note, the prediction interval performance
isachieved without aknown or globally estimated scale pa-
rameter.

Figure 6 showsapredictioninterval based segmentation
on a scene composed of a series of 40 steps. For com-
parison we include a segmentation from Fitzgibbon et al.’s

12The limit for window based robust operators is even higher [16].

SppI, NP1, SPI Reconstruction

Figure6: Small step heights (h= 40, datadensity 2 samples/unit)
are bridged by the UE segmenter, however, the prediction interval
segmenter handles the small steps correctly due to the Spi.

UE Reconstruction

range segmenter (UE segmenter [6]). The UE segmenter
was chosen for comparison sinceit had the best overall per-
formance in [10] and because it is the closest in style of
thosediscussed in [10] to the predictioninterval ssgmenter.
The parameters for the UE segmenter were set using the
techniques discussed in [6] and [10]. In particular, the lo-
cation threshold was set at 2.50. The UE segmenter results
in bridging fits whereas the prediction interval segmenter
properly reconstructs the steps.

8 Reaults

Figure 7 shows our segmentation technique on one of
the Perceptron test data sets from the University of South
Florida's Segmentation Comparison Project [10]. Follow-
ing their framework, we limit the extraction to planar sur-
faces. The Perceptron data required a data smoothing stage
prior to the initial normals calculation; athough, we re-
verted back to the original data during reconstruction. For
comparison, we include segmentation images from the al-
gorithms tested in [10]. Qualitatively, our technique per-
formsfavorably, erring dightly on the side of oversegment-
ing. Instead of reconstructing 7 surfaces on the octagon
“nut”, our segmenter extracted 9 large regions. The top
of the “nut” is difficult to extract since the noise varies
by a factor of three across the surface (see Figure 1(c)).
The oversegmentation on the front surfaces of the “nut”
are caused by dlight curved distortions in the data (even
though the objects have planar faces). The oversegmenta-
tions, however, are locally consistent and should not pose
a problem when the segments are combined to form a solid
model. Ontheinner radiusof the* nut”, we extracted two of
three surfaces present. Only the UB segmenter performed
better on that region of the data. The crease discontinuities
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Figure 7. Segmentation comparison. Single isolated points not
shown (extreme inliers/near outliers).

on the object in the center of the scene were well localized
by our segmenter. Two of the seven crease discontinuities
on this object were overshot by 3 to 5 pixels; however, the
other creasesarewell localized and comparevery favorably
to the other segmentation algorithms. Finally, we do over-
segment the background and the groundplane. We are cur-
rently investigating methods to address this problem.

9 Conclusion

Surface growing has the potential to address the issues
involved with reconstructing range scenes from unstruc-
tured environments. By extending multivariate regression
analysistechniques, we have devel oped criteria that bound
the search for candidate data to add to a region’s fit and
that evaluate the compatibility of the candidate data to the
existing fit. Our criteria differ from those currently em-
ployed by not requiring a global scale parameter, global
range threshold, or a global orientation threshold. Rather,
our criteriaare locally adaptive, varying the range and ori-

entation thresholds for each surface based local confidence
measures. Furthermore, we supply the Spi criterion which
testscandidate pointsfor groupinlier compatibility, thereby
increasing the sensitivity to small discontinuities.

In the future, we plan to extend the surface growing al-
gorithmwith solid modelling constraintsasin [ 6], incorpo-
rate amodel selection methodology to extract higher order
surfaces, and perhaps most importantly quantitatively com-
pare our surface growing segmentation technique against
other range segmentation techniques using the University
of South Florida's segmentation comparison tool [10].
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