Unsupervised Learning of 3D Object Models from Partial Views
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Abstract—We present an algorithm for learning 3D object
models from partial object observations. The input to our
algorithm is a sequence of 3D laser range scans. Models learned
from the objects are represented as point clouds. Our approach
can deal with partial views and it can robustly learn accurate
models from complex scenes. It is based on an iterative match-
ing procedure which attempts to recursively merge similar
models. The alignment between models is determined using a
novel scan registration procedure based on range images. The
decision about which models to merge is performed by spectral
clustering of a similarity matrix whose entries represent the
consistency between different models.

Index Terms—object detection, model learning , range im-
ages

I. INTRODUCTION I

An essential ability for a system which interacts with un-Jill
structured environments is to learn models of the surrowndi |
objects. Whereas many researchers focused on the detec! 1
of known object models in a 3D scene, relatively little work
has been done on the learning of those models.

In this paper, we present an approach for unsupervised

Iearning of object models from a set of 3D scans. OnEig- 1. Inthis gure, we show a motivating example of our apptealhe
top image shows a 3D scan acquired with our mobile robot. Theapar

speC|aI property of our algomhm is that it operates W|th/|ews of objects extracted from the scan are shown in diffiecelors. From
partial views because in 3D laser range scans typically ontyese partial views we compute a simlarity matrix, shown in trigoboleft

a part of the object is visible. To get a complete model 0$art of the gure. Based on this similarity matrix we merge paririews

an ObjeCt, the robot therefore either needs to travel araiund 0 obtain the complete models illustrated in the bottom righthe gure.

or needs to combine several views of identical objects in the Il. RELATED WORK

current scene. Our approach can be applied to a sequence divhereas several researchers addressed the detection of

3D scans not necessarily acquired in the same environmekihown objects in 3D data and a variety of effective solutions

If multiple instances of an object are visible in a scené&ave been developed, the problem of autonomously learning

from different perpsectives, our approach can construct such models from incomplete views is still an open research

model even from a single scan, by merging the differerissue.

individual views. Such a model contains all available struc In the context of 3D object detection, Gelfaed al. [3]

trual information of an object. Figure 1 shows a motivatingpresented an approach for global registration basenhten

example of our algorithm. Our approach proceeds in agral volume descriptorswvhich are one-dimensional descrip-

iterative fashion by recursively merging partial pointwds tors whose values depend on the volume enclosed by the

representing partial views of the objects. Pairs of modeds alocal surface around a point. A branch-and-bound algorithm

aligned by means of a novel registration algorithm basedased on distance matrix comparisons is used to select the

on range images. The similarity between different modelsptimal correspondence set and align the two shapes. The

is evaluated by a scoring function speci cally designed t@omparison is made ef cient by reducing the set of features

cope with incomplete views. The selection of the models tbased on the uniqueness of their descriptor. Johatah[6]

be joined is calculated according to a spectral clustering @roposed to use the so-callsgin-imagesor object detec-

the similarity matrix. tion, which are 2D representations of the surface surrawndi
The remainder of this document is organized as follows 3D point. Spin images have been often reported to be robust

We rst discuss the related literature on object model learrfeatures for matching 3D data. They propose to compute a

ing from 3D scans. Subsequently, we present our approadpin-image for every point in the model and every point in

Then, we show the effectiveness of the approach with retie scene. Computing the spin images requires to calculate

world experiments. the local surface normals. On point clouds these normals

are typically expensive to compute and highly sensitive to
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nearest neighbor search. They de ne equivalence classdstermine for each pair of views the transformation which
of spin-images by using the linear correlation coef cientbest aligns them by means of a novel technique based on
Furthermore, they compress the descriptor to a smalleange images (see Section 1lI-B). For each pair of object
dimension to speed up the comparison. Minal. [7] use views, we then evaluate the quality of the match by using
the tensor descriptorsas alternative features. To computea score function speci cally designed to operate with @érti
these tensor descriptors, they rely either on an accurateews of objects (Section IlI-C). The output of this proceslu
estimate of the surface normals or on the mesh structui® a square consistency matrix having as many rows as the
of the data in general. Stienst al. [11] present an object current number of models. From this matrix, we determine
detection approach based on contours extracted from raripe current set of maximally consistent models and we join
images. Their features are based on a fast Eigen-CSS methibdm into a single one. To determine the models to be
and a supervised learning algorithm. Triele¢lal. [13] use merged, we apply an approach based on spectral clustering
spin-images as features for an associative Markov netwodiscussed in Section IlI-D.

(AMN). The parameters of this AMN are learned from

manually labeled training data. Subsequently they appdy tH\. Generating the Partial Views from a 3D Scan

learned AMN to label regions of a scan based on their local The input of our procedure is a set of 3D scans. From these
appearence. In a subsequent work [12] they use their AMNtans we extract a set of point clouds which represents the
based classier to complete partial scans. This is done bysible parts of the objects. To this end, we need to remove
partitioning the scan into contiguous regions having teesa the points which belong to the background of the scene (i.e.,
labels. These regions are likely to represent an instance Wlls, oor, etc.). This is done by tting a set of planes in
an object, which is then replaced by its model, to completghe scene, and removing the supporting points.
a scan. To extract these planes we rst compute the local normals
All these approaches focus on detecting instances @f the points. Subsequently we group the neighboring points
objects belonging t&nownmodels in the environment. In haying similar normals into sets and compute the tting plan
contrast to them Angueloet al. [1] proposed a technique for each of those sets. We nally remove from the scan those
for learning these object models from 2D grid patches. Thgoints which are assigned to the horizontal planes ( oor an
input to the algorithm is a set of small grid maps representing the vertical ones (walls) having an area bigger than angive
complete views of objects in a non-static environment. €hesghreshold. In our experiments this threshold was set ta5(0.2
grid maps are obtained by calculating differences betwegf?). To obtain the partial views from the remaining points
sets of complete grid maps acquired at different pointg the scans we group them by connecting the neighbors.
in time. The approach seeks to compute complete modelsThis procedure returns a set of small point clodidsg,
of objects from these small grid-maps. In principle thissach of which represents a partial view of a candidate abject
approach could be extended to operate on 3D data. Howevghserved from a positiop;. Our approach seeks to obtain
it requires the input grids to represent complete views ef thcomplete models of objects by merging either partial views
object to be learned. or incomplete models. After the partial views have been
If only partial views of objects are visible, the complexity extracted, all the subsequent operations are performed on
of the problem increases due to the dif culties in perforgiin models, A mpdeM ) is de ned as a collection of point

data association. However, in many applications a full 3R5,ds v Let pgk) be the viewpoint from which the
map of the environment in which all objects are completely ! (k) '

visible is not available. Therefore, the ability to operaiéh ~ Object viewV;™ has been acquired.

artial views is highly desirable. In this paper we prese
partial views 1s highty I 'S paper we p %ﬂFast Matching of Partial 3D Models Based on Range

an approach to learn 3D object models from a sequen eages

of 3D laser range data. Our algorithm is able to learn
complete model of an object also from a single scan if An essential step to determine whether two models can
multiple instances of the same object are simultaneoushe merged is to calculate the potential alignments between
visible. them. In this section we present, a procedure to ef ciently
compute the transformations which aligns two incomplete
. L EARNING OBJECTS FROM3D SCANS modelsM (™ andM (™). To this end, we use an approach

In this section we describe the details of our approach teased on range images extracted from the point clouds.
learning 3D object models from a sequence of 3D scanRange images are compact representations of 3D data. The
Each model of an object is represented as a 3D point cloudalue of every pixel is the length of the segment which starts
We rst give a general outline of the entire algorithm beforefrom the observer, passes through the image pixel and ends
we discuss the details of the individual steps. to the closest point in the scene.

The overall procedure works as follows. Given a set of Whereas a range image of the scene depends on a specic
scans we extract regions representing views of objectselheviewpoint, arbitrary scenes can be represented by a collec-
regions are obtained by removing the background from th@n of range images obtained by different viewpoints. An
scene, and by grouping neighboring points into partial @bje example of these range images is shown in Figure 2. In
views as described in Section IlI-A. To create a model, weur current system, we apply thebuffer algorithm [2] to



ence of a small overlap compared to traditional approaches

like ICP. The error of a solutio (™" is typically affected

by a small error (10 cm and an orientation error2of. This

accuracy is generally suf cient for applications in whicheo

has to detect objects in the scene, but not when one has to

learn a model. In the latter case, small errors in alignirgy th
Fig. 2. Example of range images generated from a point clouel ofiginal _mOdels can easily lead to a global quE| whose ac_curac_y
point cloud (left) and range images obtained from differeiawpoints IS NOt adequate for a subsequent detection of the objects in
(center and right). The darker a pixel of the range image is,dloser scene.
to the viewpoint. For this reason, we re ne the original transformation com-
ef ciently compute a range image from an unsorted list oputed in the previous step. More speci cally, we compute a
3D points. new solutionT,(™") by matching the point clouds of the

Given a modelM (), we can compyte it point cloud two models usingr™"’ as initial guess. For the selection

as the union of the original point clouds/i(k) , translated of the correspondences for ICP we considerly those

according to a transformatioT\(k) as follows: c%rnr_ﬁs)pondgnces that are comp'atible with the in.itialngm;lut
(k) (k) (K) T, 7. Typically, the error affecting the new solutld‘rﬁ ’
Rij’ = Tixg™ (1) is below 3 cm and 0.5 degrees, which is suf cient for our

Here, 2 is point of the modelM &), T is a the pu(r:poses. d to th dard ¢ 1cp h .
transformation matrix which translates all the points dof th | (c)jmptarl]r_e N to tte stan a(; use o tht € tt\.NclJ pomt
object viewsVi(k) in the reference frame of the model, and® 01 c> S WO-SIEP procedure can cope with partial VIews
() i thej ™ point of theit object view in the model and preserve the accuracy of a more dense matching strategy.

i On the other hand, this technique tends to produce more

i (n) .. . . .
(d)ul\;l (n;?t%hm? proceéjulre I\évorks as hfollf()\{{vhs. t:t . tfalse positives since it uses a smaller fraction of the data
an € two models. From each of the two poin to determine the initial guesség ™" )g. For this reason,

c!ouds.we sample a se_t of range images from_ dlﬁerer\]/ve reject the false positives based on a scoring function
viewpoints. In our experiments we selected 12 V'eWpo'maescribed in the next section
equally distributed around the model, starting from thej-ori '

inal observation position. From each image in the two setS. Veri cation of a Match

we select a set of interest pOintS by means of an Harris CornerThe previous Step returns a set Of potentia' matches
detector [4]. We then compute for each of these interegletween the two models. In this section, we discuss how to
points a set of features, which are small image patchegaluate the quality of the matches based on the generative
from the neighborhood of the interest point. To achieve groperties of the chosen object model and on the projective
certain degree of invariance w.r.t. to the distance betWe?ﬂoperties of the range images.
the ObjeCt and the rObOt, we shift the values of the image Note that a pixe| in a range image does not necessar”y
patch according to the distance of the center of the patchepresent a point in the space, but rather a surface whoae are
In our implementation the size of those image patches wagows with the distance. For this reason, if two surfaces are
always6 6 pixels in the image and0 30cm in the world.  overlapping along the axis of the viewpoint, only the object
The descriptor vector of each feature contains the values @hich is closer to the observer will be visible in the range
the pixels in the patch. image. When we compute the score, we rst merge the point
We then determine a set of potential correspondenceguds according to the transformation before we generate a
between the features of the rst model and the featurggt of range images of the merged model from the original
of the second model. As a distance metric we use thgewpoints. If the model is inconsistent, some surfaces of
Euclidean distance between the feature descriptors. Singf original views will be hidden by other surfaces. We can
each feature represents a 3D point, we can align the modejstect this by comparing thgeneratedrange images with
if we know three point correspondences [5]. To this endne ones of the original views. Figure 4 illustrates thisdohas
we use a variant of the GOODSAC algorithm [8], i.e., Wegn a two-dimensional example.

sequentially select triples of corresponding featureseéhas \ve now explain in detail how to evaluate the score of a
on their descriptor distance. Each transformation is thematch.

validated by re-projecti ; ;
\ y re-projecting all the features of the rst mbde ) o¢ (M) pe the transformation between the models
into the second according to the computed transformation. \; (n) andM (M to be aligned.
The procedure terminates after a xed number of trials

_ ' _ ; _ Let M (M*") pe the model obtained by merging the
(200 in our impglementgtion). It returns a list of candidate

points of M (M*") according to the transformation

transformations T™")  which align the rst model to the fmn

. . . | b
second, sorted according to the quality of the match. Figure Let p_(m) be the viewpoints from which the partial
illustrates a typical outcome of our matching procedure. h 0

Since this procedure relies only on three point-  Views Vj(m) of the rst model M (™ have been
correspondences, it is more likely to nd a solution in pres-  observed.



Fig. 3. This gure shows the individual steps of our registra algorithm. Left: two partial models of a plant to registeliddle: Range images extracted
from those models. In the small box a typi&l 6 feature descriptor is visible. Right: the two models alignfedm two different viewpoints. The points
of the original models are shown with different colors.

ap o PP &

Fig. 4. Key idea of our scoring function. The top row shows twodels

M @ andM @ and a combined modélt 1*2) resulting from a wrong
alignment. The bottom row shows the range images obtained ftem
modelsM @ from its viewpointp(1), and from the modeM @ from

its viewpointp(2). The range image extracted from the combined model
M @2 from the viewpointp(1) is different from the range image of

M @ | The points marked by a (red) cross are hidden. Accordinbiy, t
match will receive a low score. 0 Fig. 5. Two range images generated for evaluating the scottieeaiatch.

. . . (m) The rst row shows two of the original models from two viewpanfThe
For each viewpoint in p; we generate a range second row shows the range images extracted from the modéks ariginal

; (m+n) i ; viewpoints. The last row shows the model constructed by mertgiagwo
!mage ofM (m) and we compare It, Wl(trt:)the range original ones and two range images extracted from the combimedkl at
image ofM from the same viewpoirp; . In our  the original viewpoints. These range images will then be coegbavith the

implementation we compute this score as the differencaiginal ones.

between the two images normalized by the number @ff models in the system. Each entay, of the matrix is

pixels of which are visible in the image of the originalcomputed a®n, =1  mn Where mn is the score of the

model. Let [ be this value. _ _ best transformation between the modsls™ and M ().

The outcome of this procedyre ispa set of quantitiegigure 6 shows an example of such a similarity matrix.
i" , one for each viewpoint pj(m) , corresponding

to the quality of the individual viewpoint. D. Merging the Models

We repeat the previous step with the other madép): The next step of our algorithm is designed to decide which
to obtain the quantities [ . of the current models should be joined. Here, we want to
the result of the score function the average of the qualithd a set of columns in the similarity matrix which are

terms . maximally consistent. To this end we use the single cluster

) graph partitioning algorithm proposed by Olsen al. [9].
To increase the robustness we repeat the above procedgf, idea is to nd an indicator vector whose components

for different resolutions X and 0:3 per pixel). Figure 5 5r6 gjthero or 1 which maximizes the pairwise consistency
shows two range images generated from the same wewponttv) of a set of models:

for both the merged model and for one of the originating

models. (v) = vl Av @
The matching procedure described in Section IlI-B returns vTv

multiple solutions for each pair of models. For each offhe components of which contain al represent the models

these solutions we compute the score as described abotleat will be merged. Olson has shown that this problem

However for the next clustering step we only consider focan be solved by computing a discrete approximation of

each pair of models the transformation with the highestescorthe rst eigenvector ofA [9]. In our current implementation

The result of the scoring step is then represented by awe adopt this approach, with the exception that we do not

M M similarity matrix A, whereM is the current number use the power method for computing the rst eigenvector



of A because in our applicatioA is not required to have
a dominant eigenvalue (i.e., only one cluster of consistent
matches).

The result of this procedure is an indicator vector thastell
us which models to join. When we join a set of models, we
eliminate them from the rows and the columns corresponding
to the joined models. We then recompute the entries of the ,, o w @ e @ v G v ©
matrix which are changed by this operation. This is achieved
by repeating the steps discussed in sections IlI-B and llI-
C until no further merges are possible. Note that once the
similarity matrix A is computed, the spectral clustering does
not require to specify any parameter. However, to increase t
robustness of the clustering we set all entries of the matrix
to zero which are below a given threshold (0.7).

Y M @ M © m (10 m (1D M (12

E. Summary of the approach

In sum, our approach proceeds as follows. Given a set of
3D scans, we remove the background and extract contiguousM
regions of points from the scenes. Subsequently, we start

(13) ) v (15) v (16) v @n v (18

to merge models until no further merges are possible (lofZ ™~ F o e L
values of the score function). The merging operation starf " 08
with a set of models which consist in a collection of aligned e gg
3D point clouds and a collection of viewpoints. For each " 05
pair of models we compute the potential alignments betwee -? " 8;’

them. We then assign to each potential alignment a score. T
higher the score of a transformation between two models
the better the match. The scores of all pairs are then usg
to construct a similarity matrix. Given this similarity nnixt
we then identify the set of maximally consistent models by
determining the dominant eigenvector. We then merge the — im0
models which are consistent into a single one and recompute o

the scores and the transformations between the merged motagiir?but Zfrtt;]ae' ?szsin;h?)tr Oii‘éeurgeggpixéﬁcﬁi Eﬁt&?&?i@?ﬂaﬁﬁf

and all the previous models which have not been merged.the elements of this matrix correspond to the score of the Bigsnzent
between the models at the corresponding row and column (bottom)

similar. The same holds for the modé¥s ™ :::M ©) . The

In this section we present two experiments for validatingtate of our algorithm after a few iterations is shown in
our approach. The data have been acquired with a SIClKgure 7. It recovered a full model of the rubbish bin by
LMS laser range nder mounted on a panftilt unit. Themerging the similar modelst ) :::M ©  and it started to
maximum resolution of the range images extracted from thgonstruct the model of the plant by mergikg® andM ©
scans wa€:3 per pixel. The rst experiment shows the ef-  The algorithm stops when there are no similar models
fectiveness of the approach in complex indoor scenarios. Theft. This experiment took about 18 minutes on a 1.7 Ghz.
second experiment shows how the accuracy of the learne@ntium 4 processor. In this example, this is the situation
models increases with the number of training examples. shown in Figure 8. As a result, our algorithm learned 7
models: two kinds of chair, a rubbish bin, a plant, a pioneer
robot, and two parts of a monitor. These two parts have

In this section we present an extensive experiment whicbt been merged due to their limited overlaps. However, as
shows the ability of our approach to deal with several viewgoon as more views of this object will become available, a

in complex and cluttered environments. We acquired 7 scagsmplete model is likely to be learned. This is demonstrated
in an of ce environment. From these scans our algorithniy the following experiment.

extracted the 18 partial views shown in Figure 6 (top). In ]

the remainder of this section we will refer to these views a8: Effects of the Number of Samples on the Learning Pro-
M® M (8 according to the labels in Figure 6. Thesecedure

views represent parts of the following objects: two kinds of In this experiment, we measured the performances of our
chair, a rubbish bin, a plant, a pioneer robot, and a monitoapproach as a function of the number of views per object. We
Initially, all the views are assigned to individual modélfie  considered 4 objects: a rubbish bin, a monitor, a plant, and a
corresponding similarity matrix is illustrated in Figure&c-  chair. We then constructed a set of partial views of incregsi
cording to this matrix, the model @ :::M © are highly size and ran our algorithm on this data. After each run a new

IV. EXPERIMENTS

A. Learning Objects from a Sequence of Scans
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t 1 8'2 Fig. 9. Behavior of our algorithm as a function of the numbetrafning
1. o7 examples. Each curve represents the fraction of views of e spabject
t | :@ 0.6  Which were correctly merged into a single consistent model.
0.5 . . . . .
C 1 04 object from multiple scans. It can also combine partial wWew
B 4w 9% of identical objects extracted from one single scan. The
- T o 8.1 approach has been implemented and tested on real data
L B . . . !
L e acquired with a laser range scanner mounted on a panftilt
= — weo unit. The experiments demonstrate that our algorithmbblia
C 1 identi es the individual object classes which then could be
T e e used for an ef cient object identi cation approach.
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Fig. 7. Intermediate result generated by our algorithm: dchaalels (top)
and corresponding similarity matrix (bottom).
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(bottom).
set of exemplar clusters is constructed from the previows OI’[lll]
by adding one view for each object.

In Figure 9 we show the outcome of this experiment. Each
curve represents the fraction of the number of views of afl;
object which are correctly identi ed as belonging to the sam
object and aligned properly. In general, the more views of
an object are available, the better the result. (23]

Models learned by our algorithm (top) and nal simitgrmatrix

V. CONCLUSIONS

In this paper we presented an algorithm to unsupervised
learning of object classes from three-dimensional range
scans. Our algorithm has been designed to work with partial
views and is able to combine several views of the same
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