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Abstract 3D vision guided manipulation of components is well as a rough estimate of the position, accurately deter-
a key problem of industrial machine vision. In this paper, wemining the 3D object pose without prior information is the
focus on the localization and pose estimation of known inimajor difficulty of bin picking.

dustrial objects from 3D measurements delivered by a scan- This difficulty results from the fact that a vision-based
ning sensor. Because local information extracted from thesin picking system has to cope with multiple instances of ar-
measurements is unreliable due to noise, spatially unstrugitrary, but known objects, that are randomly assembled in a
tured measurements and missing detections, we presenbi. Figure 1 shows a typical set-up. Although prior knowl-
novel objective function for robust registration without us-edge of the objects shape simplifies the problem, a consider-
ing correspondence information, based on the likelihood ofible amount of noise, symmetries of the object’s shape, and
model points. Furthermore, by extending Runge-Kutta typenutual occlusion renders the tasks far from being trivial. A
integration directly to the group of Euclidean transforma-close-up view depicted in the right panel of Fig. 1 illustrates
tion, we infer object pose by computing the gradient flow di-these issues.

rectly on the related manifold. Comparison of our approach A common way to address such a problem is to deter-
to existing state of the art methods shows that our method isine significant local landmarks in both the scene and the
more robust against poor initializations while having com-model, and to match them. Landmark detectors in 3D in-
parable run-time performance. clude spin images [1], shape context [2], point signatures
[3], and volume integral descriptors [4]. Having established
the correspondence of the landmarks, determining the Eu-
clidean transformation that aligns measurements and object
model is straightforward [5].

However, in the scenario considered in this paper, land-
mark based approaches are likely to fail due to a high de-
gree of occlusion, object symmetry, and sparse noisy mea-
surements (Fig. 1). An alternative is to work directly with

3D object recognition, pose estimation, quality inspectioﬁhe observed point clouds in order to register objects and

and bin picking are typical tasks that frequently occur in in-to det(_armlne their pose. Still, this |nvoIve§ the problem to
dustrial machine vision applications. In each case, reliabilitfStabIISh the correspondence between object model and ob-

and accuracy are important, besides a sufficiently short preSrvations.

Keywords Registration Iterative Closest Point (ICP)
Kernel-Based Similarity Measure§seometric Integration

1 Introduction

1.1 Overview and Motivation

cessing time. While one often knowspriori the object as An alternative. cla§s of methods to determine the rigid
body transformation involves problems that do not require
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Fig. 1 Industrial Bin-Picking System (left) and the corresponding filtered edge data obtained with a SICK LMS 400 scanning device (right). The

data are noisy and components occlude each other. This paper studies the problem to compute likely hypotheses of 3D pose of individual objects.

establish point correspondences. This minimization is camoise and outlying structures. These improvements are based
ried out by numerically computing the gradient flow on theon smoothing the cost function of ICP but require determin-
special Euclidean group of transformation, without resortingng accurate annealing schedules or noise thresholds.
to particular parametrizations of rotations like Euler angles  In order to model uncertainties more precisely, Granger
or quaternions, that are common in graphics and vision buind Pennec [13] considered a robust ICP approach in an ex-
not necessarily convenient for numerical purposes. pectation maximization framework (EM-ICP). Using a prob-
abilistic framework facilitates the interpretation of involved
thresholds. Yet, despite increased robustness, there appears
to be still room for improvement, especially concerning the
requirement of accurate initializations of correspondences.
To alleviate these problems, Tsin and Kanade [14] and
t]_ian and Vemuri [6] suggested to use an approach that does
ther problem, the other one becomes trivial. not require explicit point-to-point correspondences. The re-

As a consequence, most approaches proceed in an itelsdqective point clouds of both, the scene and the model are
tive fashion where given an estimate of the transformatiorlr,epr_esente‘j by _mi_xt_ure distribution_s, and the rt_agi;trat_ion is
correspondence is estimated by some heuristic, followed b§,ch|eved by optimizing the correlation of both distributions.

updating the transformation estimate, and so forth. The pro-

totypical representant of this class of approaches is the lIter-

ative Closest Point (ICP) algorithm developed in parallel byl.3 Contribution

Besl and McKay [7] and Chen and Medioni [8]. Due to its

simplicity and fast convergence, ICP is still a state of the arff he contribution of this paper is twofold. Firstly, we inves-

algorithm [9]. Further variants for speeding up the ICP algotigate a novel distance measure for point set alignment that

rithm have been suggested in the literature [10]. Because th#pes not involve explicit point-to-point correspondences.

work does not address our main concern, robustness with re- Secondly, we show how to optimize this criterion numer-

spect to initialization and local minima, we do not considerically on the manifold of rigid transformations, using numer-

it in this paper, however. ically convenientlocal charts rather than special parametriza-
As is well known, this basic two-step iteration is sus-tions of the rotational part like, e.g., Euler angles.

ceptible to noise and poor initialization. To overcome these Our distance measure is closely related to the work of

issues Rusinkiewicz and Levoy [9], Rangarajan et al. [11]lian and Vemuri [6], who proposed a whole family of prob-

and Fitzgibbon [12] proposed robust variations that are morabilistic distance measures for the registration of point sets

tolerant against imprecise initializations as well as againghat are continuously represented by kernel density estimates

1.2 Related Work

Aligning two point sets amounts to thHehicken and egg’
problem of determining simultaneously point-to-point cor-
respondences and a rigid transformation. Having solved e



or mixture distributions, and therefore do not need explicit
point-to-point correspondences. Specifically, fRedistance
was studied as a particular case in [6], because it admits
closed form computations of the distance between Gaussian
mixture distributions and, therefore, is computationally ef-
ficient. In the present paper, we investigate a more general
objective function for the registration of point sets in terms '
of the Kullback-Leibler distance between mixture distribu-
tions and show that it is more robust with respect to noise ) )
and poor initializations while having run-time performancezégﬁ)zarfgir;zlizirzft;aggrg :g) lr.ngior(l;‘;d((reiI;hct))t?tamed by a sample scan
similar to state of the art algorithms like EM-ICP [13], Sof-
tassign [11] and Kernel Correlation [6]. We also show that
our distance measure includes the one proposed in [15] 48erefore only consider models in terms of 3D point mea-
another special case. surements in order to uniformly handle all practically rele-
The second major contribution of this paper concerns th&ant situations.
method to infer the rigid transformation optimizing our cost ~ The objective of the registration step is to determine a
function. We apply a geometric Runge-Kutta type integraigid body transformatiod € SE(3) such that model and
tion method [16,17] directly on the underlying manifold of scene samples are aligned best with respect to a certain dis-
special Euclidean transformations, rather than using partidance measure. Her8E(3) denotes the special Euclidean
ular parametrizations of the involved orthogonal group. Thiggroup of rigid transformation = T; R whose elements are
leads to accurate and numerically stable gradient minimiza!niquely given by a proper rotatiaR € SO(3) of 3-space,
tion at reasonably large step sizes. followed by a translatio; (x) = t + x.
Finally we apply our approach to artificial and real world
point sets to evaluate its performance and compare it with _ _
related state of the art methods including ICP [7], EM-ICPZ'1 Correspondence Based Registration
[13], Softassign [11], and Kernel Correlation [6].

Typically, point set alignment is achieved through correspon-
dence based registration. A common distance measure in-
o volves sums of point-to-point distancég, -) given by
1.4 Organization

N M
Our paper is organized as follows. In Sec. 2 we define ouz Z dijd(us, 0(v;)) , 1)
novel alignment measure. We show the relations to ICP ant™! /=1
Kernel Correlation and examine the computational complexahered(v ) rigidly transformsv;, ands;; € {0, 1} denotes
ity of evaluating this measure. An algorithm for determina-thatv; corresponds ta;.
tion the optimal configuration is developed in Sec. 3. We  To computed by minimizing (1), we have to determine
exploit the manifold structure of the group of rigid transfor- the point-to-point correspondendgs; }. Determining these
mations in order to optimize numerically the objective func-correspondences, on the other hand, requires to know the
tion. To evaluate the performance of our approach in Sec. 4sansformatiord. In general, this problem is solved in an

we compare our approach to existing point set registratioierative manner, see e.g. [7,8,13,11].
algorithms on both, artificial and real world point sets. We

conclude and point out further work in Sec. 5.
2.2 Registration Without Explicit Correspondence

To alleviate the correspondence estimation problem, recent
approaches adopted continuous representations of point sets
using mixture distributions [14, 6]. These representations for
the model and the scene, respectively, read

2 Rigid Point Set Registration

Let {u;,i = 1,... N} C R? denote the set of scene mea-
surements obtained by a scanning device, andivetj =
1,...M} C R3 be the set of samples specified by a given

M
model description, i.e. a CAD file or a sample scan (Fig. 2)m(x; 0, 0,,) = Zw;ﬁk(x, 0(v;)iom) (2a)
In practice, explicit geometric mesh models are typically not j=1
available (cf. Fig. 2, left). Furthermore, generating meshes N
from thousands of 3D point measurements may not be error-  s(x;o05) = Z wik(x,u;;05) , (2b)
free and causes a time-consuming preprocessing step. We i=1
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Fig. 3 L? distance (left) and KL distance (right) for one-dimensional mixture distributions with respect to translation. We can see that for increasing
om, the KL distance effectively convexifies tii& distance, leading to increased robustness of registration.

with weightsw?, w}* > 0 and kernel functiong(-,;05),  does not depend ah minimizing (3) amounts to maximize

k(-,-; om) whose scale is controlled by parametesso, . the second term in (5). Confining the modeling of uncer-
In [6], Gaussian mixture distributions with covariance tainty and noise to the representation of the model points, as

matriceso>I were chosen in (2), and a parametrized familydiscussed above, and choosing uniform weights, reduces the

of distancesl, was proposed that includes the KL-distancerepresentation of the scene points to

(a=0)

Disim) = [ st tog 2T ® o) = 4> stx ) ©
i=1

and theL? distance ¢ = 1). The latter distance was pre-

ferred because it can be evaluated in closed form. In this pa- : L
. C = Twhered () denotes the Dirac delta. Insertion into the second

per, we study the natural distance (3) between dlstrlbut|onts .
. . erm of (5) and dropping the constant, leads to the problem

[18] and show the relation to the standard distance measure

(2). This enables to interpret the ICP algorithm as an special

instance of the KL-distance. N
The continuous point set representations (2) contain 4" = mgleogm(ui;ﬁam) ; (7)
scale parametets, o,,, that take into account noise and un- i=1

certainty of the point correspondences. It is reasonable to
confine this degree of freedom to either the scene or th@hich together with (2) gives (4).

model. Without loss of generality, taking into account un- |, order to highlight the role of the scale parametegr,

certainty and noise only in the representation of the mode drop the constarit/ ~! and write out the term of the first
points, and choosing uniform weights, minimizing the dis-g,

m!
tance (3) leads to the problem

max F(9), (4a) M
v log Y k(0(v;), wis0m)
=1
F(0) = leoggl T7F(O(v;), uis o) (4b) ’ o 1
i j =const. + logz exp (2—2|9(Vj) — ui||2) ) (8)
This can be seen as follows. Since the first term of (3), j=1 Tim

/S(X; 05) log s(x; 05 )dx Up to scaling, the latter term on the right hand side corre-
g (5) sponds to the log-exponential function having well-known
- / s(x; 05) log m(x; 0, o dx properties [19]. As a resulto,,, > 0, scaling this term im-
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Fig. 4 Sketch for obtaining the gradient flow using Euler's (left) and the Improved Euler (right) algorithm for a 1D curve. We can see that the
obtained values (circle) of the flow are closer to the true function (solid curve) for the improved Euler Method than for the ordinary algorithm.

mediately yields the estimate Our planin this paper, therefore, is to apply proper mod-
v ifications of ordinary integration schemes [17,16] in order to
1 i i iecti -
o2, logZexp < —[6(v;) — ui||2> — 02 log M (9a) perform gradlent ascent with re;p_ect to the objectlve_ func
= 202, tion (4) directly on the group of rigid body transformations,
1 viewed as a smooth manifold in the spacd of 4 matrices.
< maxlvj{ - §H9(Vj) - ui||2} (9b) Specifically, we adopt an improved version [21] of Eu-
o v ler's algorithm for numerical integration to compute the gra-
1 dient flow onSE(3). To elucidate the exposition, we first
<o 1ogZexp (——2||9(vj) - U—i|2> . (9¢c) (3) : P =
202, sketch the common Euclidean case, followed by explaining

the required modifications for transferring the scheme to the
These lower and upper bounds reveal that each term in (hanifold.

provides a smoothed version and (including scaling) uni-

formly approximates fow,, — 0 the minimum distance

of transformed model poin®(v;) to the measurement;, 3.1 The Euclidean Case

which corresponds to the basic ICP objective function. Fig-

ure 3 illustrates this robustness property of our objectivd-et X € R"*™ be an arbitrary real valued matrix. A basic
function (4). This result also shows that our approach (4ppproach for maximizing a smooth objective functiof) :
includes as special case the objective function suggested i " — R is to perform gradient ascent

[15]. .

Concerning computational complexity, similar to orig- X(t) =VFX@), (10)
inal version of ICP [7], EM-ICP [13], Softassign [11] and until a stationary poinfX (t) = 0 is reached and the neces-
Kernel Correlation [6], our distance measure can be evalusary optimality conditio'’V F(X ) = 0 is satisfied.
ated inO(N M) operations, leading to an acceptable run-  Many schemes for numerically integrating equations of
time performance. the form (10) exist [22, 21]. In view of our objective to apply
such schemes to the curved space of pose parany&ts
we explain next the most basic scheme, Euler's method, and
its improvement through the mid-point rule.

Let X (¢) denote a known point on the unknown path
solving (10). First-order expansion around this point yields

j=1

3 Optimization by Geometric Integration

In this section, we derive an algorithm for optimizing the

objective function (4). Due to the kernel function involved,

computing the optimum in closed form is not possible, and

we have to resort to numerical techniques. X(t+h)=X(t)+hX(t)+ O(h?) . (11)
Typically, objective functions of pose parameters are it- ) o

eratively minimized using standard algorithms like Nelder-OMitting higher order terms, we obtain with (10)

Mead [6] or Il_evgnberg—Marquardt [12], baged ona particuX(t Fh) ~ X (1) + hVF(X (1)), (12)

lar parametrization of the grol§0(3) of rotations. As stan-

dard algorithms do not take into account the curved structurdefining Euler’s scheme to compute the next pdt + h)

of the underlying space, they require substantial modificaalong the solution path based on the current iteféig).

tions. We refer to [20] for typical examples. As is well-known, however, very small step siZefave to



Algorithm 1 Improved Euler Algorithm ofR™*" Algorithm 2 Improved Euler Algorithm o8E(3)
Require: F (-) : R™*™ — R Require: F(-):SE(3) = R
Require: h > 0. Require: h > 0.
1. setXy € Rxm 1: setQo € SE(3)
2:t«—0 2:t<—0
3: repeat 3: repeat
4 A~ VF|x, 4 G g5Flq,
5 5 A —7qg,(G)
6: A—VF|x, 154 6. G %F‘EXP(%M)Qt
7 7 A — Wexp(%hA)Qf, (@)
g ;Xf?:hXt A 8 Qiyn —exp(hA)Qy
i 9: t—t+h
10: until convergence 10: until convergence

be chosen to avoid accumulation of numerical integration e will represent as usual elemenitss SE(3) by ma-
errors. This holds, in particular, when integrating paths onyijces

curved spaces.
Improving the Euler algorithm can be done as follows.Q = <Rr t) (14)

At each pointX (¢) the search directioRl F(X (¢)) is com- 01

puted. However, instead of moving with step siz@long  composed of rotation matricdg € SO(3) and translation

the gradient directioW F'(X (¢)), we move half the distance yectorst € R3. In the sequel, it will be convenient to write

1h to obtain a new directioV F° (X(t) + %hVF(X(t))) Q); instead ofQ(t) to improve readability of formulas.

at this point. The corresponding update is given by For the readers convenience, we derive the structure of
tangents t&bE(3) in appendix A. The exponential mapping

X(t+h)=X(t)+ hVF(X(t) + %hVF(X(t))) . (13) formatrix X is in general given by

Figure 4 illustrates that the numerical scheme (13) is signifiexp(X) = Z %Xk , (15)
cantly more accurate than (12), at moderate additional costs. k=0

Algorithm 1 details each step of the numerical schequhiCh for the specific case of a matrit tangent toQ; €
(13). HereV F'| x, denotes the computation ®fF at X (¢). SE(3) takes the form
We describe next how to modify and complementthese steps

when X (t) is defined on a manifold. exp(A) = (exp(()TAR) AlAt> , (16)
3.2 Extension to Rigid Body Transformations where, fory = || Ag||

. S. 2 Y
In this section, we modify the scheme (13) such that it nuexp(Agr) = I + Sln(W)AR + = (Q)Af{ , (17a)

merically integrates (10) on a manifold. For the general math- .
ematical background, we refer to [17,16]. A=T+ 1- COS(V)AR L= sin(7) A2 (17b)
We present the modified scheme first, followed by dis- 72 3

cussing the differences to the Euclidean case (13), viz. alggx|| tangentsA and, in turn, matriceA g, A, result from

rithm 1. projections as detailed in appendix B.
Let %F|Qt denote the usual matrix derivative of the
3.2.1 Improved Euler Algorithmon SE(3) objective functior¥' atQ,, andrq, (G) denote the orthogo-

nal projection of a matrixz onto the tangent space $E(3)

A key property of the Euclidean spaB¥, viewed as a flat at Q;, as derived in appendix B. Then, together with the
manifold, is that the tangent space at any point can be iderpasic operation (16), algorithm 2 is well-defined and corre-
tified with R™, i.e. the underlying manifold, itself. Thisis no sponds to the scheme (13) for integrating (105&i(3).
longer the case for non-flat manifolds, li&&(3).

Besides clarifying the structure of tangent vectors, thes.2.2 Differencesto the Euclidean Case
basic operation additionally needed is the so-called expo-
nential mappingxp(X), taking tangents to the manifold The step-by-step comparison of algorithms 1 and 2 reveal
M at pointX to pointsexp(X) € M in the neighborhood the modifications necessary to transfer the numerical inte-
of X. For the mathematical details, we refer to [23]. gration scheme (13) to the manifdé(3).



— Usual gradient computations of the objective functional
have to be interleaved with projections onto tangent spac
because for objective functions defined on manifolds,
the gradient actually is a vector field to make sense ol
(10), cf. [23].

— Addition is replaced by the group operation, given by
matrix multiplication. This modification reflects that short
est paths along a prescribed direction are straight lines it
the Euclidean space, but smooth curves when defined o..
manifolds.

Fig. 7 To demonstrate the ability of our novel cost function to handle
highly structured outliers we used a discrete set of points sampled from
. L slightly overlapping back and head of horse as scene and model respec-
4 Evaluation and Application tively (left). Instead of fitting the means of the point sets, our method
accurately merges both point sets and reconstructs the original model

In most industrial applications, estimating the pose of arbiright).

trary but known objects is difficult due to measurement er-

rors and salient outlying structures. In order to align a model o

to the scene under these conditions, sufficiently good initialth@n0-2. In Euler angles, this distance corresponds to an er-

izations are crucial. In this section, we therefore study th&0" Of about 5 degrees in each angle and a total deviation

behavior of the objective function (4) with respect to initial- ©f > % of the model's size in translation. This was chosen

izations of varying accuracy. Moreover, we compare our ap_er.nplrllcally based on our experience with the industrial ap-

proach to state of the art algorithms including ICP [7] basedication.

on a k-D-tree implementation, EM-ICP [13], Softassign[11] ~ Furthermore, the parameters necessary for most algo-

and Kernel Correlation [6]. rithms were all tuned by hand to optimize performance and
Finally, we consider real world applications where modef0 guarantee a fair comparison. Accordingly, with respect

points are taken from CAD files or a reference scan (Fig. 2§0 the annealing schedules required for the Softassign [11]

and the corresponding scene is obtained by a SICK-LM&nd the EM-ICP Algorithm [13], we adopted conservative
400 laser scanner (Fig. 1). schedules at the cost of slower convergence, in order to bet-

ter escape from local minima.
The choice of the parameter cannot be specified in
4.1 Point Set Registration with Ground Truth general but depends on the given data and its scale. As a
rule, too small values will impair robustness of the approach,

In this subsection we compare our approach to establishdgaking it sensitive to local minima like the ICP algorithm.
state of the are algorithms, including ICP [7], EM-ICP [13], Exceedingly large values, on the other hand, limit the accu-
Softassign [11] and Kernel Correlation [6]. To this end, weacy of the registration. Our experiments show the existence
used models freely available [24] in order to analyze the perof areasonably large interval of values resulting in good per-
formance in a fully controlled environment. The models weformance.

used for registration are visualized in Fig. 5. The results of our experiments are presented in Fig. 6.

Each model consists of up to 50.000 samples. To spedé shows that our novel objective function (4) show a sig-
up the whole process, we sampled each model down to tHaficantly increased robustness against inaccurate initializa-
size of 200 points. Scenes corresponding to the model wef#ns and uniformly outperforms related state-of-the-art ap-
placed arbitrarily in space. The primary concern in industriaProaches like ICP and Kernel Correlation. Moreover, it re-
bin picking applications are outliers. To simulate this, weveals comparable performance to Softassign and EM-ICP
randomly added up to 50 % outliers to each scene. without using an annealing schedule.

In order to analyze all algorithms with respect to sen- Moreover, to demonstrate the robustness of our novel
sitivity to initialization, we repeated the alignment processobjective function to structured outliers, we applied the reg-
150 times, where for each iteration the scene was trangstration procedure to the horse model, with a small overlap
formed to a different location. Random rotations were ob-as visualized in Fig. 7. Using an additional background ker-
tained by sampling the complete space of rotations, whil@el supplemented to the model mixture, allows to accurately
the translation varied randomly between 2 times the diamealign both point sets and reconstruct the original model.
ter of the model. Finally, the time, necessary to evaluate our objective func-

Two sets were considered to be properly aligned if theion is similar to those arising from EM-ICP, Softassign and
length of the curve connecting both transformations was les€ernel Correlation, namel@ (N M).



Fig. 5 Synthetic data set obtained from [24]. For our experiments, all data sets were down-sampled to 200 points and supplemented with outlier
points placed arbitrarily inside the bounding box of each model.
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Fig. 6 Percentage of experiments by applying from left to right ICP (dark blue), EM-ICP (light blue), Softassign (green), Kernel Correlation (red)
and our approach (brown) to the bunny (left), dragon (middle) and horse set (right) that converged to the true solution. All corresponding scenes
were supplemented with noisy points in the range up to 50 % of the model size.

4.2 Real World Applications The results of applying our approach as well as a ro-
bust implementation of ICP [9] are visualized in Fig. 8. The
In real industrial applications, the rigid alignment of a modelstatistics resulting from these experiments, presented in ta-
point set to scene samples becomes more difficult due to tHge 4.2, reveal that according to our objective function 36 of
type of noise. As Fig. 1 shows, the scene recorded by a SICEO experiments converged to a visually correct solution. In
LMS 400 scanning device contains noise as well as multicontrast, the robust implementation of ICP only converged
ple structures similar to model parts. Most structures haven 12 of 50 experiments.
to be considered as outliers, except for those corresponding

to the model. Quantitatively, nearly 80% of the samples are )
This also leads to the fact that our approach locates 7 of

structures not belonging to the object of interest. i _ ) )
8 model instances in the scene with at least one experiment.

In order to alleviate these issues, a common proceduHehe robust ICP approach in contrast, is only able to extract
is to fit the scene to the model instead of fitting the model PP ' y

to the scene, and to introduce a further background kerné’l different model instances accurately.
as already mentioned above. This improves the capability to
properly assign even occluded samples to parts. Even more complicated models can be handled using our
In the particular scenario depicted in Fig. 1, experts fronmovel objective function, see Fig. 9 and Fig. 10. While we
industry expect a maximum variability of rotation6b de-  used the discretized model visualized on the right-hand side
gree. Consequently, to be on the safe side, we randombyf Fig. 2 to fit the scene measurements of Fig. 10 best, in
sampled the rotation space withif25 degrees around the Fig. 9 we demonstrate the applicability to automatic pro-
model reference position and placed the model arbitrarily irtesses. The model, depicted on the left of Fig. 9 is used to
the scene. Similar to the synthetic experiments, we tuned thepecify the transformation to subsequent sample scans. As
parameters by hand. initialization we used the recorded position of the model.
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Fig. 8 Typical results of aligning a brake disc model to sample scans obtained by a SICK LMS 400 scanning device using our novel cost function
(left) and the robust ICP algorithm [9] (right). While our approach locates the disk in the upper right corner accurately, robust ICP failed to detect
it for the same initialization.
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Fig. 9 Typical results of aligning a model, recorded by a SICK LMS 400 scanning device (left), to subsequent scans of the same object (middle
and right) using our novel objective function. The model (light blue) accurately fits to the recorded scene (black), even if parts of the scene are
missing.

B — Our Approach| Robust ICP [9] In these cases, objects are placed such that parts of the
z;sgigezgtifions 376 142 model accurately fit various salient structures in the scene
# negative detections 14 38 that, however, do not belong to a single object instance. Due

Table 1 Statistical results of aligning a brake disc model to real worldto the local influence of the kernels involved in our objective

data for our approach and a robust implementation of ICP using outlifunction, we cannot currently escape from such pronounced
rejection [9]. local optima.

5 Conclusion and Outlook
4.3 Limitations of our Approach

We briefly summarize the results obtained and give a short
Despite increased robustness in comparison to ICP, EM-ICButlook to our future work.
Softassign and Kernel Correlation, our approach still may In this paper, we proposed a novel objective function for
fail for too inaccurate initializations. Typical results whererigid point set registration based on Jian and Vemuri's [6]
our approach failed to converge to true solutions are showwork on Kernel Correlation. The major benefit of our cri-
in Fig. 11. terion is its ability to align point sets robustly even when a
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Fig. 10 Typical results of aligning a more complicated models to sample scans (left) obtained by a SICK LMS 400 scanning device using our
novel cost function. Due to high amount of occlusions, more than half of the model is invisible. Nevertheless, our method is able to accurately
align the model to the scene (right) given proper initializations.

Fig. 11 Typical negative detections occurring during experiments with too inaccurate initializations. Salient structures of different objects are
placed, such that they fit few parts of the model. Similar to state-of-the-art approaches, this causes our algorithm to get stuck in local optima.

considerable amount of spatial outlying structure is preseni cknowledgements This research work was supported by the
in the scene. This was demonstrated numerica”y in CompaP\ZMT Vision Machine Technic Bildverarbeitunssysteme GmbH, a
ison to a range of established methods, and implemented f§§Pany of the Pepperl+Fuchs Group.

a numerical algorithm that takes into account the geometry

of the underlying manifold of transformations.

In our future work, we will address the persistent IocaIA Tangent Space oSE(3)

minima pr0b|em_ sketched in Sec. 4.3. A natural idea is_tC\‘Ne represent rigid transformatioris € SE(3) by matricesQ com-
apply an annealing procedure with respect to the kernel sizgpsed of rotationg? and translations,
similar to [11]. Parameter,, in (4) appears to be a suitable

candidate for this purpose. Q= ((ﬁ :) . (18)
Another point to be considered concerns the convergence o

rate of our geometrical integration method. In this paper, wd € inverse is given by

used a stabilized version (13) of the basic Euler method (12), ) RT _RTt

adapted so as to integrate (10) $(3). This leaves room @ = (oT 1 )

for improvements by considering higher-order methods in

order to become competitive with the linear convergencé®t@: := Q(t) denote any smooth path parametrized igomputing

rate of basic ICP as well as the quadratic convergence gfxe derivative 0lQQ™" = I'yields

the improved scheme presented in [25]. 0Q'+Q0'=o0. (20)

(19)
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Together with (14) and (19), (20) can be simplified to

a-(grd) e, (21)
0 0
where A is rotational skew symmetric, i.Ar T = —Ag. Multiply-

ing both sides byQ reveals the general structure of tangent vectors,

Q=A4Q. (22)
As aresult, the space of tangentsS&y(3) atQ is given by
To ={Q| Q= AQ,Ar" = -Ag}, (23)

where A has the form (21).

B Projections to Ty

The gradientV F of a functionF': SE(3) — R is defined by the rela-
tion [23]
(OF,Y) = (VFE,Y) VY € Tg , (24)

where (-, -) is the Riemannian metric of the underlying manifold, in
our case simply the ordinary matrix inner product
(A, A) = tr (ATA) . (25)

Tgq denotes the tangent spaceatlefined in (23), andF is the usual
matrix derivative ofF" given by

7]

OF);; = F(Q) . 26
OF) = 50 F(@ (26)
To obtainV F in (24), we consider
VF = arg Zneliij éuz —9F|%. 7

Analogously to the decomposition in (14)F can be factorized as

OF — <3F11 5F12> 7

O0F51 OF22 (28)

wheredFy; € R3%3,9F12 € R3*1 9Fy; € R1X3, 0F» € R.

Using the general form of (23) and (21), together with (28), the

solution to (27) is given by

A = OF12 — Agt, (29)
1
Ap = (aFuRT - RBF11T> . (30)
As a result, the projection @¢fF to VF € T reads
AR(0F11) OF12 — AR(0F11)t
nq(or) = (An(fin) iz = Lnl0f1) )Q, (31)

WhereAR(aFu) = % (8F11RT — RBFHT).
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