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Abstract

In this paper, we describe a novel technique to extract
a polyhedral description from panoramic range data of a
scene taken by a SceneModeler laser range finder. First,
we introduce a reasonable noise model of the range data
acquired with a laser radar range finder, and we derive
a simple and efficient approximate solution of the optimal
fitting of local planesin the range data under the assumed
noise model. Then, we extract stable planar regions from
the range data by using both the distribution information of
local surface normals and their spatial information in the
range image. Finally, we describe a method which builds a
polyhedral description of the sceneusing theextracted stable
planar regions of the panoramic range data with 360° field
of view in a polar coordinate system. Experimental results
on complex real range data show the effectiveness of the
proposed method.

1 Introduction

In recent years, in connection with the appearance of fast
and safe laser range finders with high ability of wide range
sensing, such as Cyrax and SceneModeler, range data has
become a convenient mean for acquiring 3-dimensional in-
formation from a scene. Scene modeling and understanding
using range data became attractive because 3D information
about the scene, which is very difficult to be recovered ac-
curately and stably from 2D image or 2D stereo images,
is directly available from the range data. In this research,
we consider the problem of extracting a polyhedral descrip-
tion of a scene from panoramic range data taken with the
SceneModeler laser range finder. This problem isimportant
because the polyhedral description is not only useful and
efficient for modeling from huge amount of range data (for
example, there are 8000 x 1400 points in the range data
of one scene taken by SceneModeler), but also plays a ba-
sic role in a hierarchical scheme of model description. In
such a modeling scheme, the polyhedral description can be

used as a base for generating a mesh model for more accu-
rate representation of details of the range data, as well as
for constructing a high-level description by deriving higher
order surfaces from the first-order planar surfaces.

Many techniquesfor range data modeling have been pro-
posed in the past, but here we only review some methods
which are related to the construction of polyhedral mod-
els from range data[1-10]. Faugeras et a.[1,2] proposed
a method which segments the range data into planar and
quadric patches by region growing, using local surface nor-
mals and quadric features. Taylor[7] segmented range im-
agesinto planar regions by a spit and merge approach using
the local surface normals. There are aso other methods
which used a similar approach of using the local surface
normal swith aregion growing or clustering techniques3,4].
Ontheother hand, Jiang et a.[5] and Haindl et a.[6] chosea
special approach in which each scan line of therange datais
segmented into straight line segments and then the straight
line segments are merged into planar regions. Bock et al.[8]
also proposed a method to extract planar regions with the
Hough transform using the edges in range data.

While most of the proposed methods consist in the seg-
mentation of range images, Hoover et al.[9] tried to build a
polyhedral model of the scene using the planar regions seg-
mented from range images. They used the topological rela-
tions of planar surfaces to describe the visible space of the
sceneand introduced virtual planesto represent theinvisible
space, that is, the occluded space of the scene. Fitzgibbon
et a.[10] built CAD models from range data using the pla-
nar and quadric regions obtained from the segmentation of
range data.

In this paper we propose a novel technique to extract a
polyhedral description from panoramic range data obtained
with a laser range finder. First, we derive an efficient and
effective method to approximately estimate the optimal local
plane fitting under the noise model. Second, we use both
the distribution and spatial information of the local normals
to extract the stable planar regions from range data and
use them to build a polyhedral description of the scene.
Third, we deal with panoramic range datawith 360° field of



view, and consider how to derive a polyhedral description of
the panoramic scene in the polar coordinate system, using
the stable planar regions extracted in the previous steps.
Experimental results on complex real range data show the
effectiveness of the proposed method.

2 Local PlaneFitting
2.1 Noise mode

The range data, which is acquired by a SceneModeler
laser radar range finder, is given by a set of 3-dimensional
points {(X;,Yi;, Zij) ' }. Here, ij isthe lattice point in a
range image, and " stands for transposition of a vector. In
the panoramic range image, ¢ and j stand for the indices
of pitch and yaw angles, respectively. The spatial sampling
error and the error in distance measurement are included in
therange data, and this can be modeled as noise. Compared
to the latter, the former is usually much smaller. Moreover,
it can be further reduced by calibration. Therefore, we can
omit the error in spatial sampling and consider only the error
in distance measurement. Fig. 1 shows this noise model.

Figure 1. Noise model of range data

Let n;; = (xij,y,-j,z,-j)—r, ||n”|| = 1 be the radial di-
rection of a 3-dimensional point P;; = (X;;,Y:;, Z;;) and
l;; be the distance from a sensor to P;;. Let Pij be the
real position of P;;, and iij be the distance from 13,-j to
the sensor (that is, the real distance of P;;). Assume that

the error between [;; and iij obeys a Gaussian distribution
N(0,0). As we can assume that a spatial sampling error
is close to 0, m;; can be regarded as the rea radia direc-
tion of point P;;. Therefore, the relation of the observed

point P;; = (Xij,Yi;,Zi;)" and its rea position P;; can
be written as the following equation.

P,'j = Tj (iij + Eij) = 13,'j + T;j€i5 (1)
wheree;; obeys the Gaussian distribution N (0, o).
When the real position Pij of the observed point P;; is
on aplane, the following formulais obtained.
APij +d= An,-je,-j (2)

where A = (a, b, ¢).

Given some sampl e points of aplane, an optimal fitting of
the plane can be acquired by solving the following weighted
least-squares problem.
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wherev = (A,d)" isthe parameter of a plane to be esti-
mated, and NV is the number of sample points.

Since the weights contain the parametersto be estimated,
it is difficult to obtain the analytical solution of the above
minimization problem directly. An iterative method called
the re-normalization method[11] was proposed to compute
the optimal estimation. However, sinceit adopts an iterative
strategy, it is time consuming. In this section, we give
an approximate solution for the minimization problem in
Equation (3).

2.2 Least-squares approximation

Using Eq. (2) and the relation P;; = n;;l;;, we obtain
the following formula
APij

Anijeij —d
€ij = ——7—

APij +d I €ij
ij
€2 d
= An;L - —e; ©)

Let | be the average value of ;; in aloca region, and

ai; = “. If we multiply both sides of Eq. (5) by a;;/d,
we obtain the following equation.

A €ij 2 €ij
gOé,‘jP,‘j + Q5 = Anij <\/—lj_d> — TJ (6)

The right-hand side of the above equation consists of
two items of the first and second order of the noise ratio.
Generally, since the ratio of the noise is far smaller than 1,
the second order item can beomitted. Therefore, theoptimal
plane fitting problem can be approximated by a weighted
least-squares problem, and the direction of the normal of
the planeis given by the following formula.

d=[) o} PyPj 'Y aiiPy (7)
i, 4,

where [M]~! stands for the inversion of matrix M.

The comparison of experimented results[12] on synthetic
noise range dataand real range datawith ground truth shows
that the proposed method has similar performance as the
renormalization method, which was seen as the optimal
method under the noise model hypothesis.



3 Stable Planar Region Extraction

The local surface normal at each pixel is estimated by
the above method, using a 7 x 7 window centered at the
concerned pixel. Note that j,,.. + 1 — 0 in the polar
coordinate system. The local surface normals of a planein
the range data have similar values which form adistribution
in the space of thelocal surface normals. On the other hand,
the plane appears as a region of pixels connected together
intherange image. Therefore, in thisresearch, we use both
the distribution of local surface normalsin the normal space
and the spatia information of the corresponding pixels to
extract planar regions from the range data.

3.1 Histogram of local surface normals

The local surface normalsn = (ng, ny,n.) can be ob-
tained by normadlizing (a, b, c¢), which were estimated in the
above section, with the sign undetermined. If we constrain
the direction of thelocal surface normalsto point to the out-
side from the sensor, the signs of the local surface normals
can be determined uniquely. The obtained local surface
normals are distributed on a sphere, and we represented the
spherical space by two ring-like regions on the sphere as
shown in Figure 2.

6,(n) =)

o

¢z (n)

Figure 2. Histogram space of the local normals

Here 0,.(n) is the yaw angle of the vector in zz plane
which is projected from local surface normal n. ¢,(n) is
the pitch angle in the y direction of n. 6,.(n) and ¢,(n)
are computed as follows.

arccos(——22—) ifn, <0
Oaz(n) = { arccos( nﬁjm) + 7 otherwise ®)
¢y(n) = arcsin(n,) (9)

Similarly, 8,..(n) and ¢, (n) are computed as follows.

arccos(——t—) ifn, <0

6,-(n) = A _
vz arccos(——=t—) + 7 otherwise
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¢.(n) = arcsin(n,) (12)

In the overlap region in the two rectangular coordinate
systems, there will exist two equivalent distributions which
correspond to the same distribution in the original spherical
space. In this case, we use any of them for region extrac-
tion, and the equivalent distribution in the other rectangular
coordinate system will be extracted simultaneously.

Because the latticed squaresin the rectangular histogram
spaces are projected from trapezoid-like patches with dif-
ferent areas in the original spherical space, we scaled the
histogram along the ¢ axis in the rectangular coordinate
systems to preserve the homogeneity of the voting density
of the histogram, by the following formula:

1
sin(-)

where h(6, ¢) stands for the histogram, and (6., ¢..) should
be substituted by (6., ¢,) or (8=, ¢.) in the actual com-
putation.

B (0., 6.) = h(b., ) (12)

3.2 Estimation of distribution of local normals

First, the highest peak Peak,, . isdetected from thetwo
histogram spaces of Fig. 2, and a plane is assumed to ex-
ist in the range data, whose local surface normals formed
the detected pesk. Then, the range data points {P;,,;,. }
whose local surface normals are equal to Peak,,,, are de-
tected from the range image. When P;_; belongs to a
plane, its neighborhood N(P;,,;,.), including P; ;.. is
much likely to belong to the same plane. Therefore, we
canuse N(F;, ;,.) assample points to estimate mean vec-
tor M and the covariance C of the distribution of the local
surface normals of the plane.

Using the estimated distribution of the local surface nor-
mals of the plane with respect to Peak,,, ..., we can extract
its corresponding region(s) in the range image. First, we
extract the points whose local surface normals are located
within o interval of the distribution. That is, the extracted
points { P,.} satisfy the following condition:

d.=n(P.)—M) ' C'(n(P,) - M) <1.0 (13

where n(P,) isthelocal surface norma at P,.

The extracted points include nearly 2/3 of the popula
tion of the distribution, and provide a dense sampling of the
plane. Based on these points, we perform a dilation oper-
ation with a constraint that the local surface normal of the
extended pixel P, must be within 4o range from the cen-
ter of the estimated distribution, that is, d. < 4.0, which
corresponds to the interval containing 99.9% of the popula-
tion of the distribution. After the constrained dilation, the
significant regions whose area is bigger than a threshold T
areextracted. Inour experiments, we adopted a hierarchical
plane extraction strategy which set 7' to different values at
each stage.



3.3 Hierarchical strategy for plane extraction

When there are both planar and curved surfaces in the
range data, as a curved surface has variable local surface
normals, apart of itslocal surface normalsmay be consistent
with that of a given plane. In this case, a part of the curved
surfacewill beextracted along with theplane. Therefore, the
approximation of curved surfaces by planar patches will be
influenced by the planes which exist in the range data. The
similar thing may also occur on planes which have similar
normals.

To reduce the undesired extraction of small regions de-
scribed above, we adopted a hierarchical strategy for plane
extraction. It consists of three levels. At thetop level, only
the planar regionswith area greater than 1600 pixels are ex-
tracted and the smaller regions arelft to the next stage. The
resolution of the histogram space of local surface normals
isset to 1°. In the middle and bottom levels, planar regions
greater than 800 and 400 pixels, respectively, are extracted.
The resolution of the histogram space is set to 2° to dedl
with a larger variance of the local surface normals of the
patches of some curved surfaces.

3.4 Region merging

Although our method can extract regions properly under
a quite hard condition of overlapping of the distribution,
there may be some planes which are divided to some parts.
In this research, we use the Wilcoxon test to check if two
neighboring regions can be merged together.

Let R, = {P"} and R, = {P{*)} be two neighbor-
ing regions. Let {Esl(l)} and {Esgz)} be the fitting errors
of regions R; and R, respectively, using their own plane
equations, and { Eo\")} and {E0\*'} bethat of R, and R,,
using the plane equation of the otﬁer region. Thenwe apply
Wilcoxon test to test whether {Es."} and {Eo"} come
from the same distribution. The same is done for {Esl(?)}
and {Eog.l)}. If one of the tests succeeds, then we regard
(R1, R») asacandidate pair of regions which can be possi-
bly merged. The details of the Wilcoxon test are omitted as
they can be found easily in some statistics textbooks.

Supposethat { Es"} and { Eo{”)} passed Wil coxontest,
we compute the variance o of Esgl) and the mean m2 of
Eo§.2). If ma < o1, wemerge Ry and Ro.

4 Polyhedral Description

The planar regions extracted from the range data are sur-
rounded by edges of three kinds: boundary edges indicate
the boundary of the data, jump edges indicate a signifi-
cant variation of depth in neighboring pixels, and crease (or
roof) edges are formed by two neighboring planar regions.
While the crease edge lines can be computed directly from

the plane eguations of two neighboring planar regions, the
edges of the other two kinds, which are called discontinuity
edges in the rest of this paper, must be transformed into
line segments in order to represent each planar region with
a polygon. In a rectangular image coordinate system, the
Hough transform can be applied for line extraction, but in
the panoramic range data of a 360° field of view, the range
datais represented in a polar coordinate system, in which a
3D straight line is projected as a curve. In this section, we
first create an ordinary rectangular image coordinate system
for each region and establish a one-to-one mapping relation
between the two coordinate systems. Then we propose a
modified Hough transform which uses the rectangular im-
age coordinate system for voting and peak detection, and
the polar coordinate system for line segment extraction. Fi-
nally, apolyhedral description of the sceneis built by using
the extracted line segments of discontinuity edges and the
crease edges.

4.1 Correspondence between polar and rectangu-
lar coordinate systems

Let the world coordinate system be denoted as
(Xw,Yw,Zy). Thelocal coordinate system for a planar
region R is set to an orthogona coordinate system whose
Z-axis is equal to the normal of R, and it is denoted as
(X, Y., Z,). The two coordinate systems have the follow-
ing relation:

(‘YT7Y7‘7Z’I‘)T = Rr(Xw;YunZw)T (14)

where R, isa 3 x 3 rotation matrix which transforms the
normal of R to the Z-axisin the world coordinate system.

The problem hereisto establish a one-to-one correspon-
dence between the lattice points (i, j,) of the rectangu-
lar image planein (X,,Y;, Z,.) coordinate system and the
spherical lattice points (i, js) of the polar coordinate sys-
temin (X, Yy, Zyw). If wemap (i, j,) and (is, j5) to the
imageplaneof Z = 1in(X,,Y,, Z,.) and theimage sphere
with radiusof 1in (X, Yy, Z,,), respectively, as shown in
Egs. (15) and (16), then their correspondence relation can
be obtained easily using Equation (14):

Tp (Jp — Jo)/ 5z
Yp = (ip — liO)/Sy (15)

where (ig, jo) is the image center, and s, and s, are the
horizontal and vertical scaling factors, respectively, which
map the coordinatesin the standard image planeto thelattice
pointsin an image.

Ts c05(js/8a)cos(is/sa + Pmin)
( Ys > = ( Sin(is/sa + ¢mzn) > (16)
sin(js/sa)cos(is/Sa + Gmin)

where s, is the angle resolution and ¢,,,;,, isthe minimum
of the pitch anglein range data.



Using Egs. (16) to (18), we can map (is, js) 10 (ip, jp)
asfollow.

. rTs+rigys+riszs :
Jp — Sz T31Ts+T32Ys 173325 +Jo (17)
i - S r21%s+7T22Ys+7232s +14

p Yr31xs+r3ays+r3zzs 0

wherer;; isthe ijth element in the rotation matrix R,., and
x4, ys and z, arerepresented asfunctionsof i, and j,, which
are defined in Eq (18).

A straight line aj, + bi,, + ¢ = 0 intherectangular image
(ip, jp) Will bemapped to acurveinthe sphereimage (i, js)
of the polar coordinate system as follows.

asz(r11®s + r12ys + ri32zs) + bsy(ro1s + ra0ys + r2325)
+(c+ ajo + big)(r312s + r32ys +1332,) =0 (18)

where z,,y, and z, should be substituted by functions de-
finedon i, and j, in Eq (16).

4.2 Hough transform of discontinuity edges

We use Egs. (17) and (18) to develop a modified Hough
transform algorithm which extracts curve segments corre-
sponding to straight lines in the orthogonal coordinate sys-
tem from the spherical imagein the polar coordinate system.

Let us consider the discontinuity edges of region R. The
discontinuity edge pixels {(is,js)} in the spherical image
in the polar coordinate system are transformed to { (i, j,) }
in the rectangular image, using Eq. (17). Then, we use
{(ip,jp)} to vote in the Hough space (0, pp), and de-
tect the highest peak (Opeak, Ppear) iN the Hough space.
The pesk (Opeak, Ppeak) COrresponds to a straight line of
c0S(Opear ) Jp + Sin(Opeak)ip — Ppeak = 0.

Using Eg. (18), we can obtain the curve C'(is, js) in the
spherical image in the polar coordinate system. \We extract
the longest curve segment .Sy from {(is, j5)}, which lays
within arange of width W of C(is, js). In the experiments,
W is set to 3 pixels.

The curve extraction processing is repeated on the re-
maining edge pixels until no curve longer than L pixels can
be extracted. Here L isathreshold and is set to 3 pixelsin
our experiments.

While the curves are extracted from the spherical image
inthe polar coordinate system, their connectiverelationsare
also saved for the computation of their crossing points.

4.3 Creaseedges

An iterative expanding operation, bounded by jump and
boundary edges, is carried out on the extracted regions
{R;,i =1,-,r} sothat the neighboring regions touch each
other, and the adjacent relationship {(R;, R;)} between re-
gionsisfound.

Let the plane equations of R; and R; be a; X + b;Y +
c;Z+d; =0 and an+ij+CjZ+dj =0. Theequation
of the crease edge of the two neighboring regions (R;, R;)

in the image sphere of the polar coordinate system can be
computed directly.

By eliminating the constant items of d; and d; of the
two plane equations of R; and R;, we obtain the following
equation.

(aidj—ajdi)X+(bidj—bjdi)Y+(c,-dj—cjd,-)Z =0 (19)

Dividing two sides of Eq. (19) by VX2 +Y?2 + Z2, we
get the curve equation of the crease edgein the sphereimage
of the polar coordinate system as follow.

((J,,'dj — G,jdi)ﬂfs + (b,'dj — bjdi)ys + (Cidj — de,')zs =0

(20)
where x5, ys and z; are represented as functions defined on
sphere image coordinates (is, js) in Eq (16).

For any pair of neighboring regions, if the crease edge
computed above does not passthrough near the adjacent area
of thetwo regions, the crease edgeisjudged asafalse crease
edge and the adjacent boundary isregarded asadiscontinuity
edge, which is passed to the Hough transform algorithm
described above.

4.4 Building polyhedral description

A polyhedral description of the scene can be easily built
by using the extracted line segments of discontinuity edges
and the crease edges. As the connective relations can be
detected from the edge pixelsin the sphereimagein thepolar
coordinate system, the cross points of the edges, i.e., the
vertices of the polygons of planar surfaces, can be computed
easily. Using the plane equation of each planar region, the
3D coordinates of the vertices can be obtained.

The extracted polygon planar regions and their neighbor-
ing relations are described by an attributed graph denoted
as:

G={R,F,£,H}

where R = {R;} is the set of nodes which corre-
sponds to polygon regions in the range image, F' =
{(f1(Ri), .-r, fm(R;))} denotes the set of feature vectors
which characterizes the regions. In our work, F' de-
notes the coefficients of the plane equations of the regions.
& = {E;} isthe set of edges of the polygon regions, and
H = {(h1(Ej),....., hn (E}) } denotesthe set of featurevec-
torswhich characterizesthe edges, including crease edgesor
discontinuity edges, edge directions and the two endpoints
of the edges.

5 Experimental results

We applied the proposed method to the range data of
some scenes taken by SceneModeler. In this section, we
present the experimental results for one of these scenes.

Figure 3 shows the panoramic range data acquired in our
laboratory with the SceneModeler. Therange datais shown



Figure 3. Panoramic range data acquired with SceneModeler.




by the grey levels of the distance of the scene from the
sensor. Figure 4 shows the local surface normals computed
by the method described in Section 2. The local surface
normals are shown in pseudo color. Figure 7 shows the
histograms, which were described in Section 3. We can see
that there are two equivalent distributions A; and A, of the
local surface normals in the two spaces, due to the overlap
between them. Figure 6 shows the planar regions of red,
green and blue colors which correspond to the first, second
and third highest peaks, respectively.

Thetopimagein Figure 7 showsthe planar regionswhich
areextracted at thefirst level, where the labels of theregions
are shown in pseudo-color. The bottom image in Figure 7
shows the final results of planar region extraction, which
is an integration of the regions extracted at different levels.
Figure 8(a) and (b) showsthe 3D viewsfrom outsideand in-
side, respectively, of the scene displayed by COSMO player
using the VRML model transformed from the polyhedral
description. From the experimental results, we can see that
a good approximation of the polyhedral representation of
range data has been acquired.

b) View from inside.
Figure 8. VRML model of polyhedral description.

6 Conclusion and futurework

In this paper, we proposed a novel method to extract a
polyhedral description from the panoramic range data of a
scene taken by the SceneModeler laser range finder. First,
we derived a simple and efficient method to approximately
estimate the optimal local plane fitting under a noise model
of laser radar range finder. Then, we extracted stable planar

regions from the range data by using both the distribution
information of local surface normals, which were computed
by the proposed approximation method, and their spatial
information in the range image. Finaly, we proposed a
modified Hough transform algorithm, which uses the rect-
angular image coordinate system for voting and peak de-
tection, and the polar coordinate system for line segments
extraction, to transform jump and boundary edges of the pla-
nar regions into line segments. Using those line segments
together with the crease edges of neighboring regions, we
built a polyhedral description of the scene. Experimental
results on complex real range data show the effectiveness of
the proposed method.

We are now planning to integrate the polyhedral descrip-
tions obtained from the range data at multiple viewpoints.
Texture mapping using images of omni-directional cameras
also arises as afuture work.
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