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Abstract. A point cloud registration is an essential process of finding a spatial
transformation between two point clouds in computer vision. The Iterative
Closest Point (ICP) algorithm is one of the most widely used registration
methods. Since the ICP algorithm is a locally optimal registration method, it is
not guaranteed to converge to an exact solution because of local-minimum
problem. In addition, the ICP algorithm is a time-consuming task. Because the
ICP algorithm is performed repeatedly to find the best transformation, it tends to
be slow. For those reasons, a coarse registration, which helps point clouds align
fast and exactly, is needed before fine alignment. This paper provides a 3D
coarse registration method to solve the local-minimum problem in the ICP
algorithm. First of all, an initial matching is computed by performing feature
extraction using Fast Point Feature Histogram (FPFH) feature which establishes
good initial correspondences. Since these correspondences are not accurate yet,
we need to reject outlier correspondences. Inlier correspondences are picked out
through two rejection methods, RANSAC rejection and Randomly-picked
rejection we propose. With these organized correspondences, a transformation
matrix between point clouds is obtained. As a result, it is helpful to avoid the
local-minimum problem in the ICP algorithm. Moreover, it is quite efficient to
register point clouds with noise and large transformations.
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1 Introduction

A point cloud registration is an important process to find a spatial transformation
between two point clouds. It is being utilized to a wide range of fields in computer
vision or robotics such as simultaneous localization and mapping (SLAM) [1-3], 3D
reconstruction [6-8, 10], etc.

The Iterative Closest Point (ICP) algorithm [13—15] is one of the most widely used
registration methods in computer vision. In the algorithm, a transformation is updated
iteratively in the direction of minimizing an error metric between one cloud and the
other transformed cloud. Therefore, we can compute a proper transformation matrix
which is 3-by-3 rotation matrix and 3-by-1 translation vector. However, the ICP
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algorithm has two kinds of problems we should deal with. Since the ICP algorithms is a
locally optimal registration method, it is not guaranteed to converge to an exact
solution without an initial transformation that is close to the exact solution. In other
words, it will be difficult to find an exact transformation if there are two point clouds
with large transformation. The second problem is that the ICP algorithm is a
time-consuming task. Since the ICP algorithm is performed repeatedly to find the best
transformation matrix, it tends to be slow. For those reasons, a coarse registration,
which helps point clouds align fast and exactly, is needed. Thanks to a coarse regis-
tration, a local-minimum problem can be fixed and two point clouds can be aligned fast
and exactly through the low iteration of the ICP.

In this paper, we propose a 3D coarse registration method to solve the
local-minimum problem in the ICP algorithm. In order to compute an initial matching,
we use Fast Point Feature Histogram (FPFH) [5] features. FPFH is a feature which
provides quite good initial correspondences. Nevertheless, these correspondences we
obtain are still limited to find an accurate transformation. Through RANSAC [4]
rejection and a proposed mechanism comparing a correlation between three corre-
spondences randomly, inlier correspondences are picked out. The proposed outlier
rejection mechanism, which is called Randomly-picked rejection method, is a method
to find highly-correlated three pairs of correspondences repeatedly. RANSAC rejection
is a strong rejection method that makes our algorithm more efficient. With these
organized correspondences, a transformation matrix between two point clouds can be
computed. As a result, it is helpful to solve local-minimum problem in the ICP algo-
rithm. It also saves much time and trouble before fine registration such as the ICP
algorithm. Even though there is some noise in point clouds, these point clouds are
almost aligned. Moreover, our algorithm has quite good performance in the case of
point clouds with large transformation.

2 Related Works

An extensive study of the point cloud registration has been made. Generally, there are
two types of methods to register point clouds, local method and global method. The
global method is a method to find the globally optimal alignment, and local method is a
method to calculate the transformation iteratively in the direction of minimizing an
error metric by making use of optimization theory.

The Iterative Closest Point (ICP) algorithm [13—15], which is used widely, is one of
the local registration methods. The most typical ICP algorithm is point-to-plane ICP
[15]. This method is a popular algorithm employed to register, but it is still limited to
find an accurate transformation since incorrect pairs of correspondences have a large
effect on the result and a local-minimum problem exists. Recently, several good ICP
methods such as Generalized ICP [13] and EM-ICP [14] have been proposed. Besides,
there are many approaches to perform robust registration based on Gaussian Mixture
Model (GMM) [17].

There are a variety of global methods in order to solve the local-minimum problem.
The feature-based methods, which set up highly-accurate correspondences making use
of 3D local descriptors such as Fast Point Feature Histograms (FPFH) [5] and Intrinsic
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Shape Signatures (ISS) [16] and estimate a transformation matrix, have been proposed.
Zhou [6] proposed a fast registration method that initial matching using FPFH was
performed and optimization based on Geman-McClure estimator was done. Yang [7]
introduced Go-ICP which was a global registration method based on BnB searching
scheme. Recently, correspondence propagation method [9] to find exact correspon-
dences globally was introduced.

3 Proposed Approach

Figure 1 presents the flowchart of the proposed coarse registration method. After
uniform down-sampling of point cloud P and Q, an initial matching using FPFH is
computed. The role of uniform down-sampling is to reduce the computational com-
plexity of several processes such as feature detection, RANSAC rejection, etc. Next,
two outlier rejection algorithms, which are RANSAC rejection and Randomly-picked
rejection, are performed. A transformation matrix can be computed by using several
pairs of the inlier correspondences we obtain through two rejection methods. This is the
whole algorithm of coarse registration and more accurate transformation can be found
by the process of fine alignment. We use point-to-plane ICP [15] as the fine alignment.
We focus on three main processes of the proposed method in detail.

Point Point
cloud P cloud Q
]

]

Down Down
sampling sampling
[} ]
Feature Feature
detection detection
] ]
| Initial matching |
]

| RANSAC rejection |

| Randomly-picked rejection |

| Compute transformation |
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| Fine alignment |

Fig. 1. Flowchart of the proposed registration method.
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3.1 Uniform Down-Sampling

There are a lot of points in point cloud P and Q. If we perform a registration method
using all points, it might be time-consuming. That’s the advantage of uniform
down-sampling. Let Py = {p1,p2,- -+, pm} be the points of sampled point cloud P and
Q; ={q1,92, -, qn} be the points of sampled point cloud Q. The important thing is
that proper sampling rate should be set. If a lot of points in a point cloud are removed, it
can cause bad result due to a lack of information. On the contrary, the algorithm might
be slow if the points in a point cloud are hardly sampled. Figure 2 is the result of
uniform down-sampling of a point cloud. We use a library function called Uni-
formSampling which is included in Point Cloud Library (PCL) [18].

Fig. 2. Uniform down-sampling

3.2 Feature Detection

An initial matching using FPFH feature [5] is performed. FPFH, which reduces the
computational complexity and retains highly efficient performance, provides quite good
initial correspondences. In order to get FPFH features of points in point clouds, surface
normals are required. After obtaining FPFH features of each point cloud based on the
surface normals, we can establish initial correspondences. Let M = {(px, q:), - - -,
(pr,qs)} be the initial correspondences using FPFH features. Figure 3 represents a part
of the initial correspondences. There are a lot of good correspondences in Fig. 3,
however bad pairs of correspondences can be found.

Fig. 3. Initial correspondences M using FPFH



258 J.-H. Back et al.

3.3 Correspondence Rejection

As shown in Fig. 3, inaccurate correspondences exist in the initial correspondences
M. By rejecting outlier correspondences, it is possible to find exact transformation
matrix. That’s the reason why the correspondence rejection method is needed. We use
two rejection methods, RANSAC rejection [4] and Randomly-picked rejection that we
propose.

Before the process of Randomly-picked rejection, RANSAC rejection method
plays the primary role of eliminating bad correspondences. RANSAC is widely used
because of its high performance.

Randomly-picked rejection we propose is an outlier rejection method to find three
highly-correlated correspondences repeatedly. Figure 4 represents a principle of
Randomly-picked rejection method. The right picture in Fig. 4 is the example of
unselected correspondences due to the unsatisfied condition.

Fig. 4. A principle of randomly-picked rejection method.

First of all, three correspondences in the initial correspondence set M are selected
randomly and two matrices are formed as below.

V= [PaanaPC])U: [QaaQbaQC] (1)

where matrix V and U are 3 x 3 matrices which consist of three column vectors. The
Py is a 3-by-1 coordinate column vector of point p, in point cloud Ps. The Q is the
same type as the P;. Next, the average of three points in each matrix is computed and
matrix VI and Ul are calculated as below.

Pa+Pb+Pc Qa+Qb+QC
Pavg:fa avg :f (2)

Vi= [Pu - Pavg7Pb - Pavg7Pc - Pavg} ) U= [Qa - Qavg7 Qb - Qavga Qc - Qavg] (3)
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With these matrices, we can compute the matrix V, and U, which mean the
correlation information of three points in each matrix.

Vo = VIV, U, = U U, (4)

We decide whether those correspondences are proper or not by comparing the
matrix V, and U,. Given the complexity, we only compare the sign of each corre-
sponding element by using bit operation as shown in Fig. 5 below. The simple idea to
filter bad correspondences realizes the fast algorithm without using special cost
function.
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Fig. 5. A process of bad correspondences filtering

Finally, three correspondences are selected if the condition is satisfied and go back
to the first step. There are a few things to be aware of. Duplicated correspondence is not
allowed and the minimum number of correspondence should be decided. Additionally,
it is important to repeat this mechanism properly. If the number of repetition is large, it
takes several times. If the number of repetition is small, biased information tends to be
obtained.

Figure 6 represents the performance of outlier rejection methods. With these
organized correspondences, the accurate transformation matrix can be obtained.

Fig. 6. The result of two rejection algorithms
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Since the number of inlier correspondences is more than the number of outlier
correspondences, a probability to select three bad correspondences is relatively low.
Even though three bad correspondences are chosen, the majority of the picked corre-
spondences are good correspondences, so it does not have a big influence on the result.
Therefore, a globally optimal transformation can be computed.

4 Experimental Results

We explain a variety of experimental results in order to verify the performance of our
proposed method. The algorithm has been implemented using Point Cloud Library
(PCL) which is C/C++ based [18] in Microsoft Visual C++ 2013. All experiments were
performed using a PC with Intel Xeon E5630 CPU clocked at 2.53 GHz.

4.1 Robustness to Noise

In order to verify robustness to noise, we test our method on Aim@shape repository
(Bimba, Dancing Children, and Chinese dragon), Stanford bunny', and the Berkeley
angel [11] which are experimented in [6]. We made use of the results of other methods
which are tested in [6] for an accurate comparison of performance. There are 25
partially overlapping point clouds with ¢ = 0.0025 and 0.005 respectively. o is the
standard deviation of the Gaussian distribution which means noise.

Table 1 shows average root mean square error (RMSE) values of point clouds with
o = 0.0025 and 0.005 which represents a widely-used measure to check how accurate
two point clouds are aligned. The lower RMSE value is, the better the performance is.

RMSE = \/ % S (Roi— b (5)

In our method, the sampling rate is set to 0.03 and the number of iterations is fixed
to 500. RANSAC threshold is set to 0.2.

Table 1. Average of 25 RMSE values in the case of ¢ = 0.0025 and 0.005

Method o =0.0025| o = 0.005
GoICP [7] 0.06513 0.07624
GoICP-Trimming [7] 0.07624 0.08659
SuperdPCS [10] 0.02191 0.02730
CZK [8] 0.01326 0.07319
Fast Global Registration [6] | 0.00742 0.01407
Proposed method 0.00394 0.00771

! https://graphics.stanford.edu/data/3Dscanrep/.
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In Table 1, two average RMSE values of the proposed method are lower than other
methods. Despite the presence of quite strong noise such as ¢ = 0.005, the proposed
method has a good performance.

Figure 7 represents the visualized results of the proposed method. The right-hand
column in Fig. 7 means input point clouds before alignment. After performing coarse
registration, two point clouds are almost converged as shown in the center column of
the picture in Fig. 7. Thanks to coarse registration, fine alignment such as point-to-
plane ICP algorithm, is done fast. The right-hand column in Fig. 7 is the results of the
final alignment is performed.

Fig. 7. The results of proposed registration method in the case of ¢ = 0.005

Table 2 represents performance comparison between using only RANSAC and
using RANSAC and Randomly-picked rejection method. For greater accuracy, a coarse
alignment process is excluded and experiment is performed according to the RANSAC
threshold. As shown in Table 2, outliers RANSAC cannot reject are removed through
Randomly-picked rejection. Only Randomly-picked rejection spends less time com-
pared to RANSAC. In Table 2, RS means RANSAC and RS + RP represents RAN-
SAC and Randomly-picked rejection method.
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Table 2. Performance comparison between RANSAC and RANSAC + Randomly-picked

RANSAC | 6 = 0.0025 o = 0.005

threshold | Rg RS + RP RS RS + RP
RMSE |Time RMSE |Time | RMSE |Time | RMSE | Time

0.2 0.01618 | 0.144 | 0.01500 | 0.156 | 0.02790 | 0.587 | 0.02641 | 0.597

0.4 0.05279 | 0.046 | 0.04341 | 0.056 | 0.12913 | 0.132 | 0.12653 | 0.143

0.6 0.08134 | 0.025 | 0.07882 | 0.034 | 0.15086 | 0.048 | 0.13451 | 0.061

0.8 0.07693 | 0.017 | 0.06831 | 0.027 | 0.18512 | 0.027 | 0.15828 | 0.039

4.2 Execution Time

Table 3 shows the running time of proposed method and Fast Global Registration [6]
method. In [6], Fast Global Registration is overwhelmingly faster than the other point
cloud registration methods such as Go-ICP [7], Super 4PCS [10], etc. Therefore, we
compare the execution time of our method with Fast Global Registration. The mea-
sured time unit is seconds. The time of feature detection process is not included in the
measured time of Fast Global Registration in Table 3. However, it does not seem to
have a significant effect on the results.

Table 3. Comparison with running time of Fast Global Registration

Method o =0.0025| o = 0.005
Fast Global Registration [6] | 1.1369 1.1500
Proposed method 1.0753 2.7798

In the case of ¢ = 0.0025, our method is faster than [6]. However, since the speed
of our method depends on the number of initial correspondences, our method is slower
than [6] even considering the time of feature detection process in [6].

Actually, rejection method we propose takes so little time that it does not have a
large effect on total running time of registration method. Figure 8§ represents execution
time of each process in the proposed method. The blue part occupying the widest area
in Fig. 8 means RANSAC rejection, and the purple part means feature detection
process. The black part which looks black line above blue part is the rejection method
that accounts for about 1% of the total running time. Other processes such as normal
estimation represent the mint color part. The speed of our method depends on the
number of initial correspondences. Especially, RANSAC rejection method is largely
affected by the number of initial correspondences. Additionally, the number of initial
correspondences depends on the number of down-sampled points. To sum up, sam-
pling rate affects the running time and performance like RMSE. That’s why it is
important to set the sampling rate properly.
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Fig. 8. Execution time of each process in proposed method (Color figure online)

4.3 Ability to Solve Local-Minimum Problem in the Case of RGB-D Data

As mentioned above, the ICP algorithm has a local-minimum problem. In addition, it is
easy to converge to a strange place without the accurate pairs of correspondences. We
test whether to solve the local-minimum problem using RGB-D data. Figure 9 Rep-
resents two frames of ICL-NUIM dataset [12].

For the experiment, the sampling rate is set to 0.04 and the number of iterations is
fixed to 500. RANSAC threshold is set to 0.3. One image in Fig. 9 is largely trans-
formed to the other. Without coarse registration, a local-minimum problem such as the
left side of the picture in Fig. 10 is encountered. With wrong pairs of correspondences,
this problem cannot be solved. By using our method making use of globally-picked
correspondences, two point clouds from Fig. 9 can be registered clearly as shown in the
right side of the picture in Fig. 10 below. Even though one image is transformed
largely, a local-minimum problem can be solved easily. Figure 11 is the result of
reconstruction using only eight frames of ICL-NUIM dataset.

Fig. 9. Two images for testing large transformation
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Fig. 10. The result of proposed method solving local-minimum problem

Fig. 11. 3D Reconstruction using the eight RGB-D data

4.4 Discussion

Through experiments, as shown above, we present that our method has quite good
performance while maintaining fast execution time. Unfortunately, there are some
limitations to our algorithm. In order to achieve good performance and fast running
time, the sampling rate should be decided properly. Second, RANSAC rejection
method is a highly-efficient algorithm, but it is a time-consuming task. The proposed
rejection method must be more efficient if a fast rejection method with comparatively
good performance is involved. If two things are dealt with, our method will get better
performance.

5 Conclusion

In this paper, we have presented 3D coarse registration method which uses two outlier
rejection methods, RANSAC based method, and Randomly-picked rejection method.
In order to speed up, uniform down-sampling is performed. Initial matching is com-
puted using FPFH feature. Through two outlier rejection methods, we obtain quite
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accurate pairs of correspondences. By using organized correspondences, a transfor-
mation matrix is computed. The point-to-plane ICP which is widely used ICP algorithm
is utilized as a fine registration.

We present that our method has good performance through various experiments.
Our method works rather efficiently in the case of point clouds with noise compared
with other registration methods. In addition, we observe that local-minimum problem is
solved fast in RGB-D data. We also discuss some drawbacks that need to be addressed.
Nevertheless, our algorithm can be applied to various fields that require point cloud
registration like SLAM and 3D reconstruction. Specifically, our method can be used
with other fine registration methods. If those fine registration methods have superior
performance, it might be better than before.
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