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Abstract iterative scheme using a different pairing procedure based

on surface normal vector. This formulation is only applica-

The problem of geometric alignment of two roughly pre- ble to points on surfaces. In this paper, we prefer the formu-
registered, partially overlapping, rigid, noisy 3D point sets lation by Besl and McKay which is applicable to volumetric
is considered. A new natural and simple, robustified ex- as well as surface measurements.
tension of the popular Iterative Closest Point (ICP) algo- The idea of ICP proved very fruitful as it was followed by
rithm [1] is presented, called the Trimmed ICP (TrICP). The numerous applications, improvements and modifications.
new algorithm is based on the consistent use of the LeastA comprehensive survey oriented towards range images is
Trimmed Squares (LTS) approach in all phases of the op-provided in the PhD thesis by Pulli [10]. Rusinkiewicz and
eration. Convergence is proved and an efficient implemen-Levoy [13] give a fresh update of the variants of the ICP
tation is discussed. TrICP is fast, applicable to overlaps algorithm. They classify the variants according to the way
under50%, robust to erroneous measurements and shapethe algorithms: (1) select subsets®@fand M; (2) match
defects, and has easy-to-set parameters. ICP is a specia(pair) points; (3) weight the pairs; (4) reject some pairs;
case of TrICP when the overlap parameterl#®%. Re- (5) assign error metric; (6) minimise the error metric.

sults of testing the new algorithm are shown. Selection usually refers to random sampling of points
when using a Monte Carlo technique, such as the Least Me-
dian of Squares (LMedS) [11, 14]. Pairs can be weighed or

1. Introduction rejected based on the distribution of distances [16] or some

geometric constraints [8]. Different cost functions and min-

: , : imisation procedures are applied. For example, a recent pa-

This papet addresses the_ problem of _Euchdean ah_gn- per by Fitzgibbon [6] presents an attempt of direct, rather
ment _Of two r_oughly pre-registered, partially (_)verlappmg than iterative, minimisation of the cost function (MSE) us-
3D point sets in presence of measurement outliers and, posl—ng the nonlinear Levenberg-Marquardt algorithm.

sibly, shape defects. This problem has been mainly con- e :

1bly, shap 'S P . ainty Most of the above modifications of ICP seek to improve
sidered in 3D model acquisition (reverse engineering, scene .

: : - . robustness, convergence (speed) and precision. The most
reconstruction) and motion analysis, including model-based "~ . . .
. k N critical issue is probably that of robustness, as the original

tracking. (See [14] for an overview of recent applications.) alqorithm assumes outlier-free data &Rdbeing a subset
Given two 3D point setsP and M, the task is to find the 9 9

Euclidean motion that bringB into the best possible align- of M, in the sense that each point Bf has a valid cor-
ment with M. respondence oM. Numerous attempts have been made

; . . to robustify ICP by rejecting wrong pairs. In particular,
The Iterative Closest Point (ICP) algorithm proposed by - .
Besl and McKay [1] is a standard solution to the alignment robust statistics have been applied, such as LMedS or the

problem. This iterative algorithm has three basic steps: Least Trimmed Squares (LTS) [12, 10]. Pajdla and Van
1. pair each point 0P to the closest point i: 2. compute Gool [8] proposed the lterative Closest Reciprocal Point

. N (ICRP) algorithm that exploits thereciprocal correspon-
the motion th_at mw_rmsgs the mean square error (MSE) be'dence: given a poinp € P and the closest poinh € M,
tween the paired points; 3. apply the motiortand update m is back-projected ont@® by finding the closest point
the MSE. The three steps are iterated; the iterations have , . T
been proved to converge in terms of the MSE. p’ € P.If [p — p'l| > ¢, the pair(p, m) is rejected.

L . - Often, different heuristics are combined, making the re-
Independently, Chen and Medioni [2] published a similar sulting ICP-variant efficient in cases when the underlying

1To appear in Proc.ICPR'02, @bec City, 2002 — sometimes, implicit — assumptions are met. Such het-




erogeneous combinations are difficult to analyse; in partic- setM = {mi}{vm. Usually, the numbers of points in the
ular, convergence properties remain unclear. two sets are differentlV, # N,,. A large portion of the

Computational efficiency is another important issue, data points may have no correspondence in the model set.
since some applications require fast real-time operation forAssume the minimum guaranteed rate of the data points that
medium-size datasets, such as range images [10]. Variougan be paired is known; we will call this rate thenimum
data structures, like k-D tree [7] or spatial bins [16], are used overlapand denote it by. Then, the number of the data
to facilitate search of the closest point. To speed up the con-points that can be paired 1$,, = £V,,.
vergence, normal vectors are considered, which is mainly If the value of¢ is unknown, one can run TrICP several
helpful in the beginning of the iteration process [10]. times and select a result that combines a good MSE with the

In this paper, we concentrate on the issue of robustnesshighest possible overlap. A procedure for automatic setting
A new robustified extension of ICP is presented, called the of £ is given in section 3.

Trimmed ICP (TrICP). The new algorithm is based on the  Like most iterative algorithms, including ICP, our al-
consistent use of the Least Trimmed Squares (LTS) ap-gorithm assumes tha® and M have beerroughly pre-
proach in all phases of the operation. LTS [12] means sort-registered either manually or automatically. This can be
ing the square errors and minimising a certain number of done, for example, by aligning a few characteristic points
smaller values; LMedS [11] minimises the median, that is, or, in a controlled measurement setup, by calculating the
the value in the middle of the sorted sequence. sensor motion between the two views. It should be em-

Previously, LTS has only been used in the context of ran- phasised, however, that the initial alignment can be fairly
domised, Monte-Carlo type initial estimation of the align- rough: TrICP has been successfully applied to the initial
ment parameters [10], following the guidelines of the classi- relative rotations of up t80°.
cal approach [11] to robust regression and outlier detection.  Also, it is assumed that the overlapping part of the
In this approach, model parameters are repeatedly estimatetivo sets is characteristic enough to allow for unambiguous
as random samples are drawn whose size is sufficient for thematching. In particular, this part should not be symmetric
estimation. After the initial estimation, outliers are detected and ‘featureless’. This assumption is typical for most point
and rejected, and the final least squares solution is obtainedet registration algorithms. A possible way to cope with this
for inliers only. problem is discussed in section 3.

LTS is preferred to LMedS because it has better conver-  Under these assumptions, the problem is to find the Eu-
gence rate and a smoother objective function [12]. How- clidean transformation that brings af,,-point subset o
ever, as robust statistics in the context of a randomised ap4into the best possible alignment witht. For an Euclidean
proach, LTS and LMedS have the same breakdown point ofmotion with rotation matrix® and translation vectar, de-
50%. This means that the overlap between the two point note the transformed points of the data set by
sets has to exceed%. N

Our basic observation is that LTS fits the original scheme ~ P:i(R,t) = Rp; +t, P(R,t) = {p;(R,t)}; " (1)
of ICP without any significant modification. At each step of
iteration, the optimal motion can be computed for trimmed
squares in exactly the same way as it is done in ICP for

Define theindividual distancdrom a data poinp; (R, t) to
the model seiM as the distance to the closest pointief:

all squares. (The median of squares does not facilitate this mg(i,R,t) = arg min [|m—p;(R,t)[| (2)
computation, rendering the LMedS variant [14] inapplica- meM
ble to large point sets.) At the same time, trimming the di(R,t) = [mu(i,R,t) —pi(R,t)[| (3)

squares makes the algorithm robust in the original deter-
ministic framework, without randomisation. The resulting
algorithm, the Trimmed ICP, is applicable to overlaps under
50%. As no additional heuristics are used, the convergence
of the algorithm is easy to prove.

We wish to find the motior{R, t) that minimises the sum
of theleastN,,, squared individual distancé§(R, t).

The conventional ICP algorithm assumes that all data
points can be paired§ = 1 and N,, = N,. TrICP pro-

The paper is organised as follows. Section 2 formuIatesVidef] a smooth trar;sition to_ ICF.) 51?* L h f h
the problem and presents the new algorithm. In section 3, '€ structure of TriCP is similar to that of ICP. The

convergence is proved and some implementation details aré)aSiC iQea ofis _to consistently use thg least trimmeq squares
discussed. Results of tests are shown in section 4. (LTS) in all major aspects of operation: to cope with out-
liers, shape defects, or just partial overlap; to estimate the

. optimal transformation at each iteration step; and to form
2. The new algorithm the global cost function which is minimised. The main
steps of TrICP are as follows. These steps are iterated until
Following the notation of [14], consider two sets of 3D any of the stopping conditions described below is satisfied.
points to align: thedatasetP = {pi}iv” and themodel The iterations are started wify,rs = huge_number.



Algorithm 1: Trimmed Iterative Closest Point

incorporates the robust LTS statistics in a way compatible
with the philosophy and data structure of the ICP. An im-
portant advantage of this natural extension is thatcthe

1. For each point of?, find the closest pointitM and  yergenceof the TrICP can be proved. The following theo-
compute the individual distancé$ (eq.(3)). rem is valid, whose proof is given in [4].
2. Sortd? in ascending order, select thé,, least values Theorem The Trimmed Itergtlve Closest Pomt_algonthm
. / always converges monotonically to a local minimum with
and calculate their surfi; ;.. . R .
respect to the trimmed MSE objective function.
3. If any of the stopping conditions is satisfied, exit; oth- ~ Convergence to global minimum depends on the starting
erwise, selS.rs = S} and continue. point. To avoid local minima, the ICP is usually run several
_ _ . times at different conditions. Varyingone can also run the
4. Compute for théV,,, selected pairs the optimal motion  TrICP at different conditions and select the best result.
(R, t) that minimisesS} ;..
5. TransformpP according to R, t) (eq.(1)) and go to 1. 4. Tests and discussion

Figure 1 compares the ICP and the TrICP in aligning
two partially overlapping and differently rotated measure-
ments of the Frog. Each of the two sets has about 3000
points. Some numerical results are shown in table 1, in-
cluding number of iterations and the executiontime ona 1.6
GHz PC. The TrICP alignment is better and faster. (Note:
As the ICP is a special case of the TrICP, the same program
is run with different values of.)

We use the standard stopping conditions [14] related to the
number of iterationgv,;.,, and the MSE for théV,,, selected
pairs: (1) the maximum allowed;,.,. has been reached, or
(2) thetrimmed MSEe = S’ .4/N,, is sufficiently small,

or (3) the relative change of the trimmed M$E— ¢'|/e

is sufficiently small. Note that in [14] absolute rather than
relative change is tested.

3. Implementation and convergence

Like any variant of the ICP, a fasmplementationof
the TrICP needs an efficient data structure supporting the
closest point search. In step 1, we use a simple boxing
structure [3] that partitions the space into uniform boxes,
cubes. Given a point in space, only the box containing this
point and the adjacent boxes are to be considered during the
search. The box size is updated as the two sets get closer.

The heap sort [9] is used to efficiently sort the distances
in step 2. The optimal motion in step 4 is computed by the
unit quaternion method due to Horn [5]. The same method
was used in the original version of the ICP [1].

When the value of the overlap paramegas unknown,
we set it automatically by minimising the objective func-
tion (&) = e(€)¢~U+N where) > 0 is a preset param-
eter. (In the tests described in section 4, we used 2.)
(&) minimises the trimmed MSE(¢) while trying to use
as many points as possible. Increasiygone can attempt
to avoid undesirable alignments of symmetric and/or ‘fea-
tureless’ parts of the two sets.

result of TrICP

result of ICP

Figure 1. Aligning two measurements of Frog.

Table 1. Numerical results for Frog data

The minimum ofy (&) is searched in the rand@4, 1.0], Method N;ter MSE Exec.time
which is a typical range of overlaps. The objective func- ICP (100%) 45 5.83 7 sec
tion is quite smooth. Usually, 5-8 iterations are sufficient to TrICP 70% 88 0.10 2 sec

locate the minimum with the necessary precision.

Many previous attempts to robustify the ICP used some
additional geometric or statistical heuristics which were not A systematic study is in progress, aimed to quantitatively
mathematically coherent with the original idea. The TrICP compare the TrICP to the ICP, the ICRP [8] and other meth-



ods for large sets of 2D and 3D shapes. Some results argoroved convergence is also an advantage. The results need
presented in tables 2 and 3. They were obtained for themore thorough analysis. Additional tests are under way to
SQUID fish contour database available at the web site [15] systematically assess the algorithms in 3D.
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