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Abstract—In mobile robotics, the segmentation of range structure. However, range images also have a number of
data is an important prerequisite to object recognition and  known disadvantages, including projection-related potsl ,
environment understanding. This paper presents an algorithm |imiteq or distorted depth resolution, limited eld of vieatc.

for realtime segmentation of a continuous stream of incoming A tral phil hv of . is that hi .
range data. The method is an extension of the previously central pnilosopny Of range Images Is that each image 1S

developed RBNN algorithm and proceeds in two phases: Firstly, Captured from a constant viewpoint, thus, in mobile rolmtic
the normal vector of each incoming point is estimated from one is faced with the cumbersome problem of fusing multiple

its neighborhood, which is continuously monitored. Secondly, 2 5D range images from multiple viewpoints to build a
new points are clustered according to their Euclidean and meaningful environment model. While these problems are

angular distance to previously clustered points. An outline of the . . .
algorithm complexity as well as the parameters that in uence not impossible to solve [5] and have been tackled in a 2D

the segmentation performance is provided. Three benchmark context by the vision community for a long time, in this
scenarios in which the algorithm is deployed on a mobile robot paper it is argued that a growing and slidiBD point cloud
with a Iasgr range nder con rm that the method can robustly over range data acquired by a sweeping 2D range sensor
segment incoming data at high rates. offers a more natural and exible approach for a number
of robotics scenarios. As one example, imagine a mobile
robot driving around with one or several vertically-mouhte
For many research disciplines within the eld of robotics xed laser range nders for the exploration of a building
a central goal is to reach a level of semantic environmemtr an outdoor environment. As another example, consider
understanding. The recognition and correct interpratatib an articulated robot arm with a gripper end effector and a
objects in the environment serves as a prerequisite for matgser scanner mounted underneath. Both scenarios yield an
higher-level tasks, such as manipulation and action pfanni incoming stream of sweeping range data that exhibits no
However, object recognition and understanding is in itselperiodicity.
dependent on a proper segmentation of the raw data into
meaningful portions. In the context of range data these In [6] an algorithm is presented that ef ciently segments
portions correspond to patches of homogeneous surfacesgiven 3D point cloud using aadially bounded nearest
which make up the perceived objects. neighbor (RBNN) clustering strategy. While the required
This paper presents an algorithm that segments a streamcoimputation time renders the algorithm an interesting ieand
incoming range data, for example from a laser range ndedate for realtime processing, the method cannot directly be
into distinct homogeneous surfaces in a realtime fashion. bsed for a continuous stream of data, mainly because nearest
contrast to the majority of existing work [1], [2], [3] the neighbor searching is carried out by means of a static kel-tre
range data is not required to be delivered in the form of
range imagesbut can stem from a continuous stream of This paper presents a re ned version of the RBNN algo-
measurements of a sweeping 2D range sensor. Range imag#sn that continuously monitors nearest neighbors and use
constitute a central data structure for surface segmentatia feature space consisting of both the incoming points and
because they allow for the direct application of many of théheir estimated normal vectors for clustering. Accordjngl
powerful segmentation algorithms developed in the visiothe remainder of this paper is organized as follows: Sedtion
community over the past decades. For many kinds of sensdescribes how Euclidean nearest neighbors can be monitored
such as stereo cameras or time-of- ight cameras, range iref ciently for a stream of incoming range data. Section |l
ages are the ideal data structure, because the data patipdicexplains the process of normal vector estimation from the
arrives in portions of 2D lattices with corresponding deptiso-established local neighborhood. In Section IV the dctua
values. Many roboticists use actuated 2D laser range ndecdustering algorithm, which makes use of a Euclidean and an
to produce 3D range data [4]; depending on the scannirapgular distance measure, is described. Experimentdtsesu
setup - for example for a rotating or periodically sweepingre presented in Section V and a discussion and an outlook
scanner - a range image may be the most suitable datee provided in Section VI.

I. INTRODUCTION



II. CONTINUOUSNEARESTNEIGHBORS

The ef cient retrieval of nearest neighbors of a given query
point is a fundamental problem in computational geometry / // /
that spans such different domains as database search, ray Outlier _.-2Z=5
tracing or path planning. The well-knowkd-tree [7] is EE z
one of the most efcient data structures for exact and —_—
approximate nearest neighbor searching in low- and high-
dimensional Minkowski metric spaces [8]. Unfortunately,
virtually all existing implementations, including the efent
ANN library?, build a static kd-tree from a xed set of points.

Although the computational geometry literature abounds

with elaborate kd-tree extensions, the authors are unaware

of ef cient kd-tree implementations. The main trouble with

making a kd-tree dynamic is that it is not possible to

ef ciently balance the tree after insertions or deletiorfs oPi2Pi1 Pi Pin Pio
points. Thus, all dynamic extensions rely on using a set of ] ) ]
static kd-trees, mostly by means of the so—caltmhrithmic Fig. 1. Consecutive noisy scan pro les from a sweeping 2yeasensor.

. . . .. The most recent scan is depicted in red. For query poigt, (in green)
methodwhich makes any static data structure dynamic witlhe 8 nearest neighbors are searched and found among the jivitite

logarithmic complexity overhead. 8-window with width wg = 5. For an individual outlier (in orange) the
Fortunately it tms out that fo range sensing appliestio (2211l %2 10 couesbor o neigtborng pokine e

one can resort to a much simpler data structure becaug@he s-window

rstly, the space is only three-dimensional and secondly,

heuristics of the range sensor can be exploited. Consider a

sequence of range scans as depicted in Figure 1. For a 2B saved in the neighborhood matfx Using the heap-

range nder that is swept over the environment the followingsort algorithm, this incurs a cost @(nex logney). Since

Pi:n )

observations apply: Nex / k2, the overall runtime complexity of nding nearest
The points within one scaR; = p;1;::;pPy,, are neighbors of a given point is dominated B(k? logk) for
ordered by increasing index, i.e. neighboring indicetarge k. Obviously, the k-window will not always contain
correspond to neighboring scanning angles. all true nearest neighbors of the query point. For the autlie
There is a continuity in consecutive scans, i.e. scaifi Figure 1 (in orange) only 5 out of 8 nearest neighbors
P .., is bound to be closer t&; thanP ., . are contained in the 8-window. Depending how the local

This structure can be exploited in the search for neare8gighborhoodQ is further processed, this effect can be ne-
neighbors. Assume that one wants to nd tkenearest glected. For the computation of normal vectors the neighbor
neighbors of each point within a sc&n . The termk-window obtained fr_om the_described k-window appro_ach yi_eld good
will refer to the window of neighboring indices centeredr®sults. This is mainly due to the fact that the incoming scan
around a given poi;; in which thek nearest neighbors are "epresent a suf ciently denseurface samplingof objects
searched. Testing different variants and sizes of k-wirgjow!n the real world and not aolumetric samplingthus the

a square k-window of width true nearest neighbo_rs most of th_e _time coincid_e with the
neighboring scan points. A description of tltentinuous
= 5 1+ nearest neighborsalgorithm in pseudo-code is given in
Wi = 2max 1 +1 N}
4 Algorithm 1.

was found to yield a good balance between the number

of examined pointsnex and the number of true nearestAlgorithm 1 Continuous Nearest Neighbors
neighbors retrieved. Since the k-window is square, at mosk. FINDNEARESTNERRESTNEIGHBORSp; , K)

Nex = WZ 1 neighboring points are examinetly increases o we =2max K ;1 41

in a squared fashion with. The overhead of examining 3. list< distance point> = : ;

all points in the square k-window to nd onlk nearest 4 for (r=i %< ;i i+ =< )do

neighbors may seem costly, however, keep in mind that for>  left=max(r % ;0);
©oright =min(r + & ne;ng);

points at the end (_)f a scan the k—windoyv contains as little;: 5, (s=left::::; right) do
aswy - 1 points. As an example, Figure 1 shows the s: dist= py  Prs
14 examined points in the 8-window (in blue) which contain_9: en('jls}t(-)?ppendﬂilst,pr;s );

all 8 nearest neighbors of the query pomt,, (in green). 11 enq for

For all points in the k-window the Euclidean distancei2: list.sortByAscendingDistance();
to the query point is computed, the results are sorted in & for ¢ =1::::;k)do
. . . . 14: Qii =1[Q;; ; list[l].point’ ];
temporary list by ascending distance and the kspoints  i&. ond'for !
16: return  Qy;
http://www.cs.umd.edu/ mount/ANN/ '




IIl. NORMAL VECTORESTIMATION

Given the neighborhoo®;; of each pointp;; , an esti-
mate for the normal vector is computed using BlanePCA _
method [9], because it was shown to offer the best pe "#
formance in terms of both quality and computation time
[10]. The PlanePCAmethod proceeds as follows: The point
pi; itself is appended to its neighborhood mati; ,

Fig. 2. Segmentation of a simple data set from [10] containing t
boxes and a cylinder. The clusters were produced using tivee dRBNN

which yields the augmented neighborhood maQi}fg . The

empirical mear@ifj is calculated and subtracted fro@y; .
Finally, asingular value decompositiofy V ") of Q,+J is

algorithm withr = 0:14 andnpj, =40 and a Euclidean distance metric
over a[px py pz nx ny n:] feature space. Note that for such a feature
spacer must be dimensionless and has little interpretable meaning.

performed and the resulting normal vectof; is obtained
directly as the singular vector,, 2 V that corresponds to
the smallest singular value in. The so-obtained vectors are
normal to an optimally tted local plane; however, they are a
not oriented consistently, meaning some vectors will point
towards the range sensor and others away from it. While

- oo - (@ (b) ()
consistent orientation represents a tough problem in many
surface modelling scenarios in cqmputer graphics, in _thﬁg. 3. Effect of the two thresholds on segmentation: (a) €mrare
case the knowledge of the sampling process can again &fected with 4. (b) Steps are detected with.. (c) Smooth surfaces are
exploited. For every incoming scaR;, let the origin of not segmented.
the range sensor be denoted @y= [0ix Oy 0i;]. Every

normal vectom;; is oriented consistently by assessing the . . -
. e : : . . linder taken from [10]. The result i rprisin
sign of its inner product with the line-of-sight-vecioy,  o; a cylinder taken from [10] € result is surprising because

and inverting all normal vectors with positive sign: the kd-Free was built using a Euclidgan distance metric over
' all entries of the feature vector, which does not respect the
(2) topology of the angular (dis)similarity of the normal versto
While it is reassuring to know that even with a one- ts-all
This yields normal vectors that consistently point towardgclidean metric over the feature space proper segmemtatio
the range sensor. Algorithm 2 provides a pseudo-code dgan pe achieved, the threshaldassociated with this metric
scription of thenormal vector estimatiomlgorithm. has very little descriptive meaning. To remedy this, two
thresholds on two measures are introduced. As before, a
threshold e.max ON the Euclidean dissimilarity metric

S Mgy

Nij ;Pij 0 >0) nij = nj;

Algorithm 2 Normal Vector Estimation
1: ESTIMATENORMALVECTOR(p;; , Qjj . 0i)

2: Q5 =[Qy:pf I e(Xi;Xj)= pi P 3)

3 Qy = QT-.TJ- Qij _ speci es how far the 3D coordinates of two oriented points

g U5 V1= performSVDRy; ) x; and x; can be away from each other to still belong

> "f .~ ;n;)l:j' oi > 0)then to the same cluster. The thresholdmax on the angular

7N = ng; dissimilarity measure

8: end if 1 1 minii

9: return nj; . - i1

: Xi;Xj)= 5 o 4

alxiix)= 3 2knikkn;jk @

de nes the maximum angle that the normal vectors of two
IV. INCREMENTAL SEGMENTATION oriented pointx; andx; are allowed to span to still belong

In order to cluster the incoming data in a realtime fashiorio the same cluster. In (4) is normalized to the interval
the similarity difference between the newly arrived pointd0; 1]; alternatively one can specify the angle in degrees.
and the previously clustered points must be assessed Uising these two thresholds enables us to choose meaningful
a suitable feature space. In its original form, the RBNNalues and to control the segmentation process. Figure 3
algorithm [6] is already well suited for this job becausdllustrates how both thresholds affect the segmentation of
of its agglomerative nature. Since the goal is to segmedifferent surface discontinuities.
homogeneous surfaces, a natural choice is to use both thdJsing these two thresholds, the segmentation process can
point coordinate§px py p.] as well as the estimated normalbe summarized as follows:
vectors[ny ny n.] as features. This choice, however, raises 1) For each new poinp;; with normal vectorni; , go
the issue of a suitable (dis)similarity measure. Surpgigin through the list of all neighbors iQ;; that have
preliminary studies in which the RBNN algorithm was already been assigned a normal vector.
applied to a[px py p. nx ny n.] feature space, yielded 2) For each current neighbor computgand .
good of ine segmentation results already. Figure 2 showes th 3) For all neighbors that ful ll ¢ emax and 4
resulting clusters for a simple data set with two boxes and amax » check whether any of the neighors has been



assigned to a cluster. If so, assigp to the same
cluster, then assign all remaining neighbors to the san
cluster. Merge clusters if necessary. :
4) If p;; has not been assigned to any cluster, create-
new one and assign all previously examined neighboﬁ%
to it. '

i
To remove noise, the ofine RBNN algorithm provides the;
parametemy, , which species the minimum number of
data items a cluster should have. The same parameter can (@) (b)

be used for the incremental segmentation, however, since , ) .
Fig. 4. Estimated normal vectors for a simple data setkar2D: (a) Using

an eX.iSting cluster .might still grow with the arriyal of the nearest neighbors obtained from a static kd-tree (b) Uslegproposed
following scans, a time offse is introduced, which spec- continuous nearest neighbapproach

i es the maximum number of new scans that are processed

before deleting a cluster that has not grown and contains

less thannmi, points. Assuming that the same k-window V. RESULTS

puﬁer is used for segmentgtion apd normal vector computa- 14 validate the ef ciency of the proposed segmentation
tion, ti should be chosen in the intervill; - ], because gyrateqy, the algorithm was benchmarked on the three data
only points within this window will connect to the current gats shown in Figure 5. The data was recorded with a SICK
cluster. Algorithm 3 provides a pseudo-code description Qf\15400 laser range nder mounted vertically on the mobile
the outlinedincremental segmentatioalgorithm. The input 5ot ACE [6]. The robot was commanded to slowly rotate
argumentsN | and Q{' denote the set of caculated normaly, the spot; for thePrimitives data set it turned with 0.1
vectors and the set of neighborhood matrices of Orie”t%d/sec, whereas for theving Roomand Humandata sets
points that have already been assigned a normal vectqg gpeed was 0.2 rad/sec. The LMS400 was queried at a

respectively. rate of 25Hz and the laser data was fused with the robot
odometry data, which arrived at 16.6 Hz. The algorithms
Algorithm 3 Incremental Segmentation were implemented in C++ and run on a Linux desktop
1. SEGMENTNEWSCAN(P 11N 107 emax | amax | Tmn 1tk) machine with a 3.0 GHz AMD Athlon XP processor and 2GB
2: for ( =1;::15n¢) do RAM. Sensor polling and segmentation were run in separate
3 if (hasClustefp;; )) then threads that communicated via shared memory. The reader is
4: continue; . . . . .
5 end if advised that when implementing Algorithm 3, special care
6: forall ([p; n1]2 Q) do must given to the design of the cluster data structure. For
7 e= P Py v dense data sets, such as #emitives data set, the merge
8: a= 3 %krn“lT”n'l'k operation in Line 15 can quickly become the bottleneck of
o: it (> emax _ a> amax ) then the algorithm. Also, the speed-up in Line 4 explained in [6]
i(l)f e dcci}”t'nue? is essential for the algorithm to operate ef ciently.
12 if (hasClustefp;; )) then For all three sc_enarios, the quality of .the normal vec-
13: if (hasClustefp,)) then tors computed online from the proposedntinuous nearest
14: if (clusterOf(p;; ) 6 clusterOf(p,)) then neighborswas compared to those computed from a static
15: mergeClusters(usterOf(p;; ).clusterOf(p,)); . . .
16: end if 1 kd-tree built of ine over the entire data set. The results ar
17: else virtually indistinguishable. A detailed presentation maitied
igf eng'#sterOf(m) = clusterOf(p;; ); due to space constraints. Figure 4 provides a representativ
20: else visual comparison of the normal vector quality for the sienpl
21: clusterOf(p;; ) = clusterOf(p, ); data set from Figure 2. The computation of nearest neighbors
22: end if and normal vectors required ca. 1 msec per scarkf&0
23: end for . .
24: if (: hasClustefp;; ) then _an(_j fo_r all data sets and nelg_hborhooc_i sizes was found _to be
25: clusterOf(p;; ) = createNewCluste}; insigni cant compared to the time required for segmentatio
26 for all (p, previously examinedjlo As for the segmentation each data set required different
27: clusterOf(p,) = clusterOf(p;; ); S . .
08 end for ' parameters for a good partitioning, as can be seen in Fig-
29:  end if ures 6, 7 and 8. This is not surprising as the data sets
30: end for exhibited different point densitites and different levelt
31: for all (Cj 2 Clusters)do . . . .
32 if (KCik< NMINA (i Ci tiswodied) > t ) then surface hor_nogeneﬁy. Figure 6 illustrates hpw the_ algorith
33: deleteC; ; agglomeratively grows the clusters on the incoming data of
34: endif the Living Roomdata set at 25 Hz.
35: end for .
36: return  Clusters: The effect of different thresholdse:max and amax On

the segmentation granularity is illustrated in Figure 7r Fo
the densely sampleBrimitives data set an extremely small
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Fig. 7. Effect of different thresholds on segmentation glamiy in the
Primitives data set: (ak = 20, emax = 0.04m, amax = 0.011 (1.0),
Nmin = 60, tx = 1: For mediumk and small amax only the main
geometric primitives are separated from each otherk( 15, emax ‘ ‘ ‘ ‘ ‘
=0.04m, amax = 0.0055 (0.5), npin = 60,tx = 1: The smallk and 150 200 250 300 350
the extremely small :max uncover ne geometric structures such as the Scan number i

door and the doorframe in the wall.
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Fig. 9. For all three data sets the segmentation time stays wnelér
10 msecs, meaning the algorithm can be run at ca. 100 Hz on aatledlic

processor.
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Fig. 8. Realtime segmentation of ttumandata set at 25 HzZk = 20, toor

emax = 0.08M, amax = 0.44 (4.0), Npin =60,tx =1

50

0 50 100 150 200 250 300 350
Scan number i

amax (case (b)) can be used to uncover ne geometric
structures (such as the door and the doorframe in the walfjg. 10. By merging clusters and lItering noise, the algarittkeeps
For this sace it i s mporiant 0 dse & smllr noighbolle unoer o Suses o ol e e e n Beete
hood sizek, because large neighborhoods tend to 'smootthe parameters from Figure 7(b) were used for segmentation.
out' the orientation of normal vectors. In contrast, a metiu
sized neighborhood and smallmax (case (a)) yield a good

abstraction of the data and less geometric detail. VI. DISCUSSION

For all three data sets, the noise removal worked well for In this paper an algorithm for segmenting a continuous
the simple choice ofy=1. Figure 10 shows the number of stream of 3D range data in realtime was presented. The
clusters over time for each data set, using the parametegorithm computes normal vectors of incoming points from
from Figure 7(b) for thePrimitives Figure 8 for theHuman their local neighborhood and clusters the new points by
and Figure 6 for théiving Roomdata set. The very granular assessing their Euclidean and angular distance to prdyious
Primitives segmentation yields many clusters, however, thelustered points. On a set of three benchmark scenarios the
algorithm does a good job at pruning the overall number adlgorithm was shown to robustly carry out segmentation in
clusters. Figure 9 shows that the time required to segmeless than 10 msecs per scan and to yield good segmentation
each incoming scan stays well below 10 msecs for all datasults once the appropriate parameters for the givemgetti
sets. This means that - when run on a dedicated process@ve been established. The presented algorithm is a valuabl
in its current implementation - the segmentation can b#ol for robotics scenarios in which a sweeping range sensor
performed at up to 100 Hz. is used for environment perception. The segmented surfaces



(@) (b) (©

Fig. 5. Three benchmark scenari@@p row Photos of the scene8ottom row Point clouds with remission values; (Ryimitives 310 scans, 72,212
points, 0.1 rad/sec (H)iving Room 206 scans, 34,501 points, 0.2 rad/secHaman 160 scans, 35,465 points, 0.2 rad/sec

i =75 i =110 i =130 i =150 i =175 i =200

Fig. 6. Realtime segmentation of thésing Roomdata set at 25HZ& = 25, emax = 0.05m, amax = 0.22 (2.0), npmin = 50,tx = 1. The last two
frames show how two distinct clusters (light blue and darleplon the right sofa are merged into one (dark blue) as the ctingearmrest is scanned.

can be used as features in the context of object recognitiofs] S. Gachter, V. Nguyen, and R. Siegwart, “Results on range image
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