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Abstract—This paper proposes a alignment and track- Therefore, motivation in this study is to propose a robust
ing method of 3D point cloud. The problem of point cloudand fast alignment method that solves the outlier and initial
alignment can be roughly classified into two. The problenposition problems. “Robust” have 2 meanings. As for one,
of estimation of the relation from unknown geometry po+obustness for initial position and the second is robust for
sition is coarse registration. Moreover, in case of roughlgutlier. In the proposed method, we use the ICP algorithm
position is known, the problem of estimation of the relafor the alignment, however, local minimum problem hap-
tion from known initial position is fine registration. In this pens according to the initial position, so we search initial
study, we solve the coarse registration problem by exhaugesitions by exhaustive matching. The calculation cost is
tive search, and prepare the initial positions for fine regiseduced by non-extremum suppression for good initial po-
tration. The fine registration problem is solved by the ICRition selection. Furthermore, in the ICP algorithm and ex-
algorithm. In this case, reduction of initial positions forhaustive search evaluation function, we use Tukey weight
the ICP algorithm by non-extremum suppression that usésnction[7] to solve outlier problem. In addition, we real-
distance between range data and model solves the probléera fast processing by distance field (DF)[8]. DF is the look
of calculation cost. The distance evaluation function thaip table of the closest point and its distance. In this study,
robust for measurement error tackles the outlier problenwe use the proposed method for the 3D object recognition.
The problem of calculation cost is solved by registering th&loreover, we use only ICP algorithm for object tracking.
distance from the model beforehand by the distance field.

The dfectiveness of the proposed method is shown by

actual data. 8. Alignment

To estimate the relation of the geometry position of the
1. Introduction range image and the model data is called alignment. The
alignment becomes a problem of estimating the rotation
Recently, we can measure object 3D shape by stergatrix and the translation vector because we deal in the
camera, infrared time of flight (TOF) camera, and so Orygid body. This rotation matrix and the translation vector
These measurements can get point clouds. This techngln pe calculated by minimizing the least mean square er-
ogy contributes to model of 3D shape by alignment ofor petween the model data and the measured data. In this
point clouds, to recognize a object, simultaneously locakection, we show the problem in the alignment, rotation

ization and mapping (SLAM) compared to conventionatepresentation, and conventional alignment method.
2D restoration methods. To achieve these applications, it

is necessary to align the model an_d point cloud. In this 1 The problem in the alignment
study, we propose robust and fast alignment method.

One of the major alignment methods is iterative closest The relation of the geometry position estimation has 6
point (ICP) algorithm [1]. ICP algorithm estimates clos-degree of freedom (DOF)(Fig.1). The model coordinate
est point between two point clouds, translation and rotssystem is defined byX, Ym, Zn)O camera coordinate sys-
tion between model data and measured data. However,tgm is defined byXc, Y, Zc)( Moreover, 6 DOF parameter
general, before applying ICP algorithm, point clouds mustepresent the rotation parametey4, y) and translation pa-
be registered to roughly correct positions. Moreover, ICPameter ., 2).
has a outlier problem. To solve the outlier problem, many The problem in the alignment, search space is very huge.
method are proposed [2, 3]. From these reports, the oufthis search space is not guaranteed that it is single peak
lier problem is solve by weight cdiécient. On the other space, and it is dicult to obtain the optimum solution in a
hand, to solve the initial position problem, direction stansimple search method such as hill climbing. Moreover, rep-
dardization method by feature point that is extracted by theesentation of the rotation is necessary. Furthermore, when
curvature from the range image is proposed[4]. Howevemodel data and measured data are same shape and relation
the method that uses the feature point has the problem tlwdtthe correspondence point is understood, the formulation
alignment cannot be done when the feature point cannot eeasy. However, in general, these correspondence point is
extracted. unclear. In the alignment, we need to solve these problems.
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Ze point is unknown in almost case. Then, the ICP algorithm
[1] was proposed that search associate points and estimate
rotation and translation. However, in general, before ap-
plying the ICP algorithm, point clouds must be registered
to roughly correct positions.

Therefore, in this study, we estimate global minimum by
gxhaustive search.

Yc
Xm

Figure 1: Representation of the geometry position in th
alignment
3. Alignment by exhaustive search

3.1. Exhaustive search

“ We search a optimal initial position for the ICP algo-
| rithm by exhaustive search. In conventional method, the
’W " optimize method that use the Levenberg-Marquardt algo-

(

rithm from exhaustive search though it is not a range im-
age is proposed [9]. Moreover, method that use exhaustive
search and depth map is proposed [10]. Thieativeness
Figure 2: Representation of the rotation of the exhaustive search is shown. Therefore, we use the
exhaustive search. We search 6 DOF space roughly.This
sampling late is defined by model shape.

Some cases that become the same local solutions even if
the ICP algorithm is used respectively according to the ini-

Mentioned above, representation of the rotation is one ¢l Positions exist. Then, we suppress initial position that
the alignment problem. In this subsection, we describe tHg non-extremum point. This process calls non-extremum
representation of the rotation. Rotation has 3 paramete¥dPpression, and is explained in next subsection.

(a,8,7). Rotation representation is, in other words, how to )

represent the rotation matrix by these 3 parameters. In this2- NON-extremum suppression

study, we use latitude, longitude and camera rotation for p|| pose and position distances are too huge and over-
representation of pose (Fig. 2). In addition, we describgjys for initial positions of the ICP algorithm. Therefore,
rotation matrixR by 3D vector.The direction of a vector e reduce non-extremum initial positions by comparison
means rotation axis, norm of the vector indicates rotationgy neighborhood distance value. Neighborhood position is

The rotation matrixR is obtained by Rodrigues formula. gefined by all neighbor positions@®x 3. However, neigh-

In this case, we define the rotation betwegrandZ: as  porhood of pose definition is toofilcult. In this study, we
the latituder and the longitudg. Thus, rotation matrix is gefine the neighborhood of pose as less than constant value
shown as follows. between 2 poses. We set the rotation maRixMoreover,

2.2. Representation of the rotation

_sing _sing 2 R; means a rotation matrix of pose®,; means a rotation
R(a.f) = | +sina| cosB +(1-cosa)| cosp matrix of pose2, respectiveliR can be obtained by follow-
0 ) 0 ) ing equation (Fig.3).

1) _ T
We write rotation matrixR(a,8) by 3D vectorr. Next, R=RiRz". )
we explain rotation of the.. This rotation meanZ; axis If we set the rotation angle d® as a4, it can be calculate

rotation.Then, by Rodrigues formula.
cosy -siny O _traceR) -1
R(y)=| siny cosy O |. 2) 0 = cos 2 ®)
0 0 1
In this study, the neighborhood is defined as double the
Thus, sampling angle.
R = R(a.fR(®). ®)

3.3. Alignment by the ICP algorithm

2.3. Alignment by least mean square . . . . :
g y a Precise alignment is achieved by the ICP algorithm. In

It has already been described to be able to formulatais study, we use many initial position that is obtained by
alignment as a minimization problem of the least meanon-extremum suppression for the ICP algorithm. This im-
square error when the correspondence of the point &e is shown in Fig. 4 by 1 dimension for simplicity. In
already-known [5, 6]. However, correspondence of théhis figure, horizontal axis means search space, vertical axis
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Figure 3: Calculation of pose neighborhood Figure 5: Graph of weight function

« Initial positions «Results

R is rotation matrix,t indicates translation vectarXm;
\ is closest point of model froRXc; + t0 We can estimate
v robustly by usingrg. This evaluation function is plotted in
/\ICP Fig.5.
o cp From this figure, evaluation value becomes 0 when the

distance over threshold Then, we solve the outlier and
mismatched part problem. In this studyis defined by

. _ half of translation search step width, because only a point
Figure 4: Image of the proposed method very near the model wants to be acquired.

4.2. Evaluation function of the ICP algorithm

means distance between the model data and the measure
data. As you can see, to use some optimal initial positionﬁs
we can get global solution.

91 ICP [1] algorithm, we use the evaluation function that
e the Tukey weight function.

N
3.4. Tracking by the ICP algorithm Cj= ZW(i)HXmi - (Rj+1Xcij + tj+]_)||2 (8)
The proposed method track the recognized object. In =
tracking, we use only ICP algorithm for real time tracking. where N is number of point cloudsi is index num-
berd | means iterative numberXc;; is point of i num-
ber whenj iterated. R; indicates] rotation matrixd t;
indicates] translation vector.Xm; is closest point from

To evaluate a distance between model and measurBg1XCij +tj+1. Then, same as Fig.bwe reduce outlier
data, it is necessary to calculate closest point and its dighd mismated point. In the ICP algorithm, threshold is de-
tance. However, measured data has some noise and outlf#led by standard deviation in each iteration [11]

Then, distance evaluation of only associate point is neces-
sary. In this section, we explain a evaluation function and.3. DF from 3D model
distance field (DF) [8] that can calculate distance.

4. Distance evaluation function and calculation

In order to evaluate distance between the model data and
the measured data, it is necessary to calculate associate
points and its distances, respectively. Thus, to reduce cal-

To evaluate the distance between model and measurédation costs, we employ DF[8] that is a look up table of
data, we need to calculate the closest point and its distané@e distances and associate points.

However, some measured point has noises and outliers. To
solve this problems, there are many method has proposed 3p opject recognition
[2, 3, 7, 11]. In this study, we use Tukey weight function

4.1. Evaluation function of exhaustive search

for distance evaluation function. In this study, we apply the proposed method for the 3D
N 40 12 o object recognition. The relation of camera cqordi_nate sys-
Z S(i) = { 1-=2)% i@ <7y © e and world coordinate system are shown in this section.
— 0, else
Xm = R(RoX¢ + 1). 9)
d(i)? = IXmi = (RXai + I (7)

where,t is translation vectolR means rotation vectoRg
wherery means a threshold of the distandeis number of meansz axis invert rotation matrix. In this case, pose
measured pointd(i) is distance of each associate poihtsparameter ranges are 8 o« < 18000 < B8 < 3600
Xcj means index number of point cloud that dpoints. 0 <y < 360.
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6. Experiments port.

In order to show the féectiveness of the proposed
method, the experiment is done. The point cloud is mea-
sured by D—Imagerthat is Time of Flight (TOF) censer [12][11 Besl, P. J., and McKay, N. D. “A Method for Registra-
We use core-i7 2.6GHz CPU and 3GB memory. Moreover, * {ion of 3-d Shapes,’JEEE Trans. on Pattern Analysia
maximum size of DF is set as 100. Furthermore, the size of 5.4 Machine IntelligengeVol. 14, Num. 2, pp. 239—
DF allotted to the maximum size of the object was assumed 256. 1992,
to be 50. Sampling late of rotation is set as 20-30 degree
and sampling late of translation is se as 8-10 voxels. Thef# Z. Zhang, “Iterative Point Matching for Registration of
parameter is defined by model shape and experimentally.  Free-form Curves and Surface#it. Journal of Com-

puter Vision Vol.13, No.2, pp.119-152, 1994,
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