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Abstract. Nowadays, three dimensional point cloud processing plays
a very important role in a wide range of areas: autonomous driving,
robotics, cartography, etc. Three dimensional point cloud registration
pipelines have high computational complexity, mainly because of the
cost of point feature signature calculation. By selecting keypoints and
using only them for registration, data points that are interesting in some
way, one can significantly reduce the number of points for which feature
signatures are needed, hence the running time of registration pipelines.
Consequently, keypoint detectors have a prominent role in an efficient
processing pipeline. In this paper, we propose to analyze the usefulness
of various keypoint detection algorithms and investigate whether and
when it is worth to use a keypoint detector for registration. We define
the goodness of a keypoint detection algorithm based on the success
and quality of registration. Most keypoint detection methods require
manual tuning of their parameters for best results. Here we revisit the
most popular methods for keypoint detection in 3D point clouds and
perform automatic parameter tuning with goodness of registration and
run time as primary objectives. We compare keypoint-based registration
to registration with randomly selected points and using all data points
as a baseline. In contrast to former work, we use point clouds of different
sizes, with and without noise, and register objects with different sizes.

Keywords: 3D point cloud · Keypoint detector · Point cloud
registration

1 Introduction

With the advent of sensors capable of capturing 3D point clouds, numerous
related applications have emerged. In addition to remote sensing, data sets
recorded by LIDARs from the air, high resolution point clouds of entire buildings
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(e.g. the Notre Dame) are also available. One of the most important steps of 3D
point cloud processing is the registration if point set, i.e. the process of finding
a spatial transformation that aligns two or more fully or partially overlapping
point clouds. Registration also includes merging different scans of the same scene
and it is a fundamental part of Simultaneous Localization and Mapping (SLAM)
algorithms widely used in robotics.

We can distinguish local and global registration of 3D point clouds. In the
local case, the two point clouds to be registered are recorded from nearby view-
points and show significant overlap. When, for example, an autonomous robot
is equipped with a point cloud capturing device (LIDAR or depth camera) and
the capturing rate is faster than the speed of the robot, the majority of two
consecutive records will overlap and, after transforming them into a common
coordinate systems, they will be close to each other. This a priori information
on the relationship of two or more point clouds is not available in global reg-
istration methods. Two families of registration algorithms are frequently used:
Iterative Closest Point (ICP) and feature-based methods.

ICP-based methods aim at finding the rigid transformation that minimizes
the least square distance of closest points after registration. There are a num-
ber of methods based on the ICP concept [1,3,4,12,18,21]. The two most fre-
quently used ICP variants are the point-to-point and point-to-plane solutions
[13]. Feature-based registration, on the other hand, relies on the idea of find-
ing interesting points, called key points, in a point cloud. Each key point is
described with its feature signature representing the local topology of the point.
Then point-pair candidates (also known as correspondences) are identified in
the feature space, usually by multi-dimensional proximity search. There may
be many wrong point-pairs that have to be filtered out in a next step of the
method which is usually called the rejection phase. Theoretically, three point
pairs are enough for perfect registration but many more are necessary in real
scenarios. The last step is to iteratively approximate or otherwise estimate the
transformation that minimizes the distance between the corresponding point
pairs in real space. As we will see later, not every registration pipeline applies
all of these steps. Note, that feature-based and ICP methods are often used
together where feature-based methods perform coarse registration only that can
be further refined by ICP-based solutions.

In this paper, we focus on the special case of registration when a small point
cloud is registered into a large point cloud where the large one covers the spatial
volume of the small one. Consequently, the small point set can be considered as
a query and the main task is to find it in the large data set (e.g., finding the
locations of a specific object in a large building or localize a robot based on the
local point cloud it captured in the large data set). Though this sub-problem
can be solved by both global and local registration approaches, in this paper we
propose a pipeline based on the widely used global registration method called
Fast Global Registration (FGR) [24]. FGR generally provides good registration
accuracy in the investigated subproblem, but as shown later in this paper require
unnecessarily high computational complexity. To reduce the computational cost,
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we propose two modifications for the original FGR pipeline: (1) FGR originally
uses each point of point clouds to be registered that significantly increases its
computational costs. Instead, we propose the introduction of a key point selec-
tion phase and only apply FGR on key points to fasten registration speed. (2)
As one of its key advantages, FGR is less sensitive to proper parameterization
of the feature signatures, i.e. a good registration is usually possible with non-
calibrated parameters. However, it only holds if all data points are used in the
registration and the characteristic properties of the two point clouds are similar.
When keypoints are used for registration, the accuracy provided by FGR varies
in a wide range and optimization of keypoint detector parameters are necessary.
In this paper, we show how a good trade-off between registration accuracy and
computational cost can be achieved by using key point selection methods with
appropriate number of key points and parameter tuning.

Let S and T be two point clouds such as |S| � |Q| and Q represents the
points of an object that also exists in point cloud S (e.g. Q and S come from
independent recordings), showing an example where we aim at finding a small
point set representing an object in a large point cloud describing, for instance, a
room. The task is to find a rigid transformation T that minimizes the distance
between the points of S and T (Q):

d(S, T (Q)) =
∑

pi∈S

∑

pj∈T (Q)

(pi − pj)2 (1)

A rigid transformation consists of a translation and a rotation, keeping the dis-
tance between any point pairs in the point cloud Q.

The paper is organized as follows: In Sect. 2 we discuss the related literature
in this field. Section 3 describes the keypoint detection algorithms used. In Sect. 4
we present our registration pipeline and parameter tuning method. Finally, in
Sect. 5 a comprehensive evaluation of the proposed pipeline is presented, followed
by the conclusions.

2 Related Work

According to Mian et al. [11] the quality of a keypoint depends on three things. A
point is a good keypoint if: (1) repeatable on different point clouds from the same
object, (2) a local coordinate system can be defined based on the neighborhood
of the point and, (3) the local environment of the point is highly distinctive and
has unique information to describe the point. Repeatability is important to find
real point pairs while uniqueness makes it easier to associate points in feature
space. In the 2D case, it was considered a good key point that was “easy to
track” [7].

Since key point detectors are widely used, many work has been focused on
evaluating methods according to various aspects. Some work tested the invari-
ance of repeatability under translation, rotation and scale changes [2]. In other
papers [17], repeatability was also investigated, and the measurement noise of
the points was also taken into account. One disadvantage of most former studies
was that the default parameters specified in the implementations were used.
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The novelty of our work is that keypoint detectors are not primarily assessed
on the basis of repeatability and uniqueness as before. Instead, we examine the
algorithms at a more abstract level and test whether the quality of the final point
cloud registration is better. In contrast to previous work, parameter tuning was
performed on algorithms rather than using defaults. We compare the result of
the registration pipeline with keypoint detectors and with randomly selected
points. We also consider how much time we can win without significant decrease
in registration quality.

In the past two years deep learning-based 3D keypoint detectors have
appeared. USIP [9] is one of the most impressive methods, using unsupervised
learning for keypoint detection. The USIP detector out-performs the existing
hand-crafted and other deep-learning based detectors, giving significantly better
result on registration failure rate than hand-crafted solutions. An earlier deep
learning-based method is the 3DFeat-Net [22] which promises better results than
hand-crafted keypoint detectors. Other works also discuss the topic of interest
points in 3D space [6,16,19,20]. Though there is an emerging trend of deep
learning-based techniques, they require large number of training data and they
are less widespread in real world applications, and thus we decided to not con-
sider this family of methods in this paper.

3 Keypoint Selection

A wide range of keypoint detection algorithms have emerged in the past few years.
In this paper, we only focus on the ones most widely used in practice and use the
implementations available in the open source Point Cloud Library (PCL) [15].

3.1 ISS3D

Intrinsic Shape Signature 3D (ISS3D) [23] is one of the most popular 3D keypoint
detection methods, having many good properties. ISS3D keypoints are viewpoint
independent but not scale invariant which means that its parameters have to be
tuned based on the resolution and other properties of the point cloud. For each
point ISS3D defines a local coordinate system using the neighborhood of the
point. It then calculates a 3×3 scatter matrix and determines its eigenvalues and
eigenvectors. The points showing the largest variance along all the eigenvectors
are selected as keypoints. For this, the method introduces constraints on the
ratios of eigenvalues:

λ2/λ1 < γ21

λ3/λ2 < γ32,

where λ1, λ2 and λ3 are the eigenvalues of the scatter matrix in the order of
decreasing magnitude and γ21, γ32 are parameters specified by the user.
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3.2 Harris3D

The Harris 3D keypoint detector was originally developed as a corner and edge
detector in two dimension [5]. The original method could successfully be used to
trace edges in 2D images. According to the PCL documentation, the 3D version
of the algorithm uses the original idea, but instead of using image gradients, it
works with surface normals.

3.3 SIFT

The Scale Invariant Feature Transform (SIFT) is another keypoint detection
algorithm implemented in PCL. Like Harris, it was also developed for two-
dimensional cases, and the 3D version also keeps the invariance of features under
scaling and rotations [10].

4 Methodology

As mentioned previously, we extend the FGR pipeline with a keypoint detection
phase in order to reduce the computational cost and keep the good registration
accuracy. To better match keypoint detection to our requirements, we also per-
form automatic parameter tuning on the data sets tested which is not part of
the pipeline but has to be performed for the certain instruments used to collect
the data. Point clouds can be characterized by different properties influencing
the performance of the proposed pipeline. Among them, point cloud resolution
(pcr) is one of the most important that affects the parameters of both keypoint
detection and registration methods. One can define pcr of point cloud Q as

pcr(Q) =

∑
p∈Q NNQ(p)

|Q| , (2)

where p ∈ Q and NNQ(p) is the Euclidean distance between p and it’s nearest
neighbor in point cloud Q.

4.1 Keypoint Evaluation

Different algorithms executed with different parameters may lead to different
keypoints for the same point cloud. Hence, finding the best keypoint detection
algorithm and the best set of parameters is difficult and raises multiple questions:

– Registration accuracy. How many keypoints are needed to reach similar
accuracy to the case when all the points are used for registration?

– Registration time. How can we reduce the time needed to achieve the same
accuracy as in the case of using all the points for registration with the use of
keypoints?
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The trade-off between registration accuracy and time is obvious but the ques-
tions above are hard to answer on a theoretical basis since the answers depends
on several factors such as robustness and consistency of the keypoint detection
method used, the number of resulting keypoints which is a function of the param-
eters, the various characteristics of the point clouds to be registered, etc. As a
consequence, in this study we chosen an empirical approach and attempt to test
the algorithms and estimate the best parameters by applying them to real data.

Two metrics are introduced to verify the accuracy of the registration. One
is the fitness and the other is root mean square error (rmse). Let D and Q be
two already registered pointclouds. Then the fit set of Q compared to D is a
subset of Q, contains points which are close enough to points of D.

fit setD(Q) = {p|p ∈ Q ∧ NND(p) < 2 · pcr(Q)} (3)

The fitness of Q compared to D means that how many points of Q fits on D.

fitnessD(Q) =
|fit setD(Q)|

|Q| (4)

Finally, considering only the fitting points, the rmse shows the error of the
registration.

rmseD(Q) =

√∑
p∈fit setD(Q) NND(p)2

|fit setD(Q)| (5)

Fig. 1. Point cloud registration pipeline as used in this study. Steps listed below each
other are performed in order. We improved Fast Global Registration by introducing a
keypoint detection step with the purpose of reducing the number of feature signatures
that need to be computed.

4.2 Registration Pipeline

To analyze how keypoint detection methods affect the accuracy of registration
we chose the well-known global registration pipeline called Fast Global Registra-
tion (FGR) [24] and use its open source implementation throughout the study.
For feature extraction, FGR uses Fast Point Feature Histograms (FPFH) [14]
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and feature signatures are computed for all points of both point cloud, without
applying any keypoint detection method first. While this usually results in very
good registration, run time is significantly impacted by the fact that calculating
FPFH is associated with high computational cost. Once feature descriptors are
computed for all the points, FGR determines the initial correspondences by find-
ing nearest neighbors from both point clouds in feature space. Then it filters out
spurious correspondences during a process often referred to as correspondence
rejection. The following two tests are used during rejection:

1. Reciprocity test. A point pair fulfills the test if the two points are both
nearest neighbors of each other in 3D space.

2. Tuple test. We test that three randomly picked correspondence pairs are
compatible, i.e. they define approximately congruent triangles in the two point
clouds. Mathematically [24]:

∀i �= j, τ <
‖pi − pj‖
‖qi − qj‖ < 1/τ

where (p1, q1), (p2, q2), (p3, q3) are correspondence pairs and τ = 0.9.

After the rejection step, the transformation between the two point clouds is
determined from the remaining correspondences in an iterative manner.

FGR provides accurate registration but calculating the feature descriptors for
each point in the cloud has high computational cost. Accordingly, it is ideal choice
for demonstrating how the registration costs can be reduced by using keypoints.

(a) Dataset 1 (DS-1) (b) Dataset 2 (DS-2) (c) Dataset 3 (DS-3)

(d) Chair (e) Sofa (f) Box (g) Ball

Fig. 2. Input indoor scenes and objects

During evaluation, we use the registration pipeline depicted in Fig. 1. First,
we load the two point clouds and calculate the PCR. Then the preprocessing
steps follow: (1) normal calculation, (2) keypoint detection, (3) computing the
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features signature descriptors. Feature descriptors are only calculated for key-
points but by using all data points of both point clouds. Then the registration
is executed with the FGR algorithm. Finally, we evaluate the accuracy or reg-
istration. The same procedure is repeated for each keypoint detection methods
tested and for a wide range of keypoint detection parameters.

4.3 Parameter Tuning

The registration pipeline, when used with FPFH as feature descriptor, has a
number of parameters, including normal radius and feature radius, which val-
ues depend on the properties of the point cloud such as the PCR. Keypoint
detectors also have a significant number of free parameters that need to be set
correctly to achieve good results with registration. The use of default parame-
ters, as defined in reference implementations, often leads to wrong results. Thus,
some kind parameter tuning is necessary to compare their real performance. To
find the optimal combinations, we performed a grid search over the parameters
of FPFH: normal radius (1–15 cm with 1 cm steps), feature radius (1–20 cm with
1 cm steps). Parameters of keypoint detection methods were also tested in broad
intervals (ISS: silent radius, non-max radius, gamma variables; Harris3D: radius,
threshold; SIFT: min scale, number of octaves, number scales per octave, min
contrast). On important result from parameter tuning for FGR is that when all
points are used for registration, FPFH normal radius and feature radius do not
play an important role (anything between 1 cm and 10 cm work just as well),
which underlines the robustness of FGR.

Since feature computation dominates the run time of FGR, we randomly
subsample the point clouds to find the minimum sampling rate that is necessary
for acceptable registration. We note, that the sampling rate depends on the
point density of the point clouds and the volume of the overlapping regions.

Fig. 3. Number of keypoints selected by random sampling vs registration accuracy



506 D. Varga et al.

Number quoted here are for the particular data sets we used for the experiments.
Figure 3 shows the case when registration with FGR is attempted by uniformly
sampling data points from both point clouds to be registered. One can observe
that selecting a minimum of 1.2% of the points selected is needed to obtain good
registration accuracy with a high level of certainty. If the random sampling ratios
is smaller the observed registration accuracy shows very high variance, leading
to inconsistent and unpredictable performance.

5 Evaluation and Discussion

5.1 Data Sets

The proposed pipeline was evaluated on a freely available, high-quality indoor
data set [8]. The data set contained several indoor scenes with objects of different
sizes where each scene was recorded four times independently. Each point cloud
had high resolution and consisted of about 1 million points. Our evaluation is
based on three specific scenes of the large data set: (Fig. 2) (1) DS-1: Square
table (objects: box and ball); Fig. (2a) (2) DS-2: Table with two chairs (objects:
box and chair); Fig. (2b) (3) DS-3: Round table (objects: box and sofa). Fig. (2c)

Objects. Into all three clouds, we registered a smaller (box) and a few larger
(sofa, chair, ball) objects. The point set of the object to be registered was always
a cut-out from an independent recording of the same scene.

(a) ISS (b) Harris3D (c) SIFT

(d) ISS (e) Harris3D (f) SIFT

Fig. 4. Results of parameter tuning. How many keypoints we need for a good registra-
tion with a specific keypoint detector (first row). Correlation of time and keypoint size
(second row).

Point Cloud Size and Noise. To analyze the performance of the proposed
pipeline with point clouds of different sizes, we downsampled the original data
sets, resulting in point sets of 1 million, 750k and 500k points. To investigate the
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robustness and noise tolerance, Gaussian-noise with different standard deviation
was added to the point coordinates. The noise level was determined from the
point cloud resolution (pcr) 2. Accordingly, we introduced three different noise
levels with the following standard deviations: 0.0 (no noise), 0.3 pcr, 0.5 pcr,
and 0.7 pcr. As a summary, there were six different registration scenarios with
three point cloud sizes and four different levels of noise. Therefore, our evaluation
consisted of 6 × 3 × 4 = 72 registration scenarios in total.

5.2 Results

Figure 4 shows how the number of keypoints affects the registration accuracy
(fitness) and the execution time of the entire pipeline with different keypoint
detection methods. On can see that The execution times shows an increasing
trend as the number of keypoints increases, while in the accuracy there is key-
point number that results in good registration performance and involving more
keypoints cannot increase the observed fitness.

Fig. 5. Execution time of various processing phases with keypoint detectors (random,
ISS, Harris3D, SIFT) and without them (based on dataset 3 that contains 1 million
points, without noise and object sofa also without noise).

Figure 5 depicts the time consumption of various phases in the registration
pipelines. The original FGR when all the points are used in the process the
registration takes approx. 10 min. The most time consuming steps are feature
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extraction and feature matching. If randomly selected points are used as key-
points, keypoint detection time is basically zero, and the feature extraction time
is significantly decreased, because of reduced size of point clouds to be processed.
Note that feature matching and optimization steps have become negligible.

Using ISS as keypoint detector, feature extraction time was less than in the
random case. But the keypoint detection step also took some time. Thus the
total registration time of the random case and the ISS case was equal. Using the
SIFT method, the total time was the same. The only difference is that key point
detection took longer and feature counting took less time. For us, the Harris3D
method gave the best result. Using Harris3D, the result is much better than any
other case. Clearly, it was the fastest algorithm for our test cases.

It may seem that there is a contradiction between Figs. 4 and 5. Harris3D
uses the most keypoint, still it is the fastest. This is because, in order for ISS and
SIFT to use a fewer keypoints, they need bigger normal and feature radiuses, and
longer running of keypoint detection algorithm. So overall registration would take
longer. The Fig. 5 shows the case where the fastest registration was measured.

After determining the appropriate parameters for the keypoint detection
methods in the proposed pipeline, we have evaluated all of the introduced regis-
tration scenarios. The Figs. (6, 7, 8, 9 and 10) show how the different point cloud
sizes and noise levels affect the registration accuracy. In most cases, the smaller
the noise, the better the registration, resulting in more consistent keypoints in
the two independent point clouds used in registration. With Harris3D and SIFT
keypoint detectors sofa registration in DS-1 was failed. Because of that it seems
ISS is more reliable and more precise then the other methods. However, the dif-
ference between the rmse of the ISS and other detectors is very small. Thus this
difference matters only for specific use cases.

(a) Sofa in DS-1 (b) Chair in DS-2 (c) Box in DS-1

Fig. 6. Registration of various objects without keypoint detection, using the original
FGR pipeline

(a) Sofa in DS-1 (b) Chair in DS-2 (c) Box in DS-1

Fig. 7. Registration of various objects with random keypoint selection (baseline)



On Fast Point Cloud Matching with Key Points and Parameter Tuning 509

(a) Sofa in DS-1 (b) Chair in DS-2 (c) Box in DS-1

Fig. 8. Registration of various objects with ISS3D keypoint detection

(a) Chair in DS-2 (b) Box in DS-1

Fig. 9. Registration of various objects with Harris3D keypoint detection

(a) Chair in DS-2 (b) Box in DS-1

Fig. 10. Registration of various objects with SIFT keypoint detection

6 Conclusion

In this paper we have compared hand-crafted 3D keypoint detectors according to
their effect on accurate point cloud registration. It has been shown that based on
our evaluation metrics, Harris3D gives the best results. With optimized param-
eters this method proved to be the fastest algorithm with the lowest number
of keypoints. We have also shown that combining Harris3D and Fast Global
Registration the running time can significantly be reduced, better than with any
other methods, with negligible drop in the accuracy. Testing deep learning-based
detectors and comparing them to the proposed solution are parts of our future
plans.

References

1. Chetverikov, D., Stepanov, D., Krsek, P.: Robust Euclidean alignment of 3D point
sets: the trimmed iterative closest point algorithm. Image Vis. Comput. 23, 299–
309 (2005). https://doi.org/10.1016/j.imavis.2004.05.007

2. Filipe, S., Alexandre, L.A.: A comparative evaluation of 3D keypoint detectors in
a RGB-D object dataset. In: 2014 International Conference on Computer Vision
Theory and Applications (VISAPP), vol. 1, pp. 476–483, January 2014

https://doi.org/10.1016/j.imavis.2004.05.007


510 D. Varga et al.

3. Fitzgibbon, A.: Robust registration of 2D and 3D point sets. Image Vis. Comput.
21, 1145–1153 (2002). https://doi.org/10.1016/j.imavis.2003.09.004

4. Granger, S., Pennec, X.: Multi-scale EM-ICP: a fast and robust approach for sur-
face registration. In: Heyden, A., Sparr, G., Nielsen, M., Johansen, P. (eds.) ECCV
2002. LNCS, vol. 2353, pp. 418–432. Springer, Heidelberg (2002). https://doi.org/
10.1007/3-540-47979-1 28

5. Harris, C., Stephens, M.: A combined corner and edge detector, p. 50, January
1988

6. Holzer, S., Shotton, J., Kohli, P.: Learning to efficiently detect repeatable interest
points in depth data. In: Fitzgibbon, A., Lazebnik, S., Perona, P., Sato, Y., Schmid,
C. (eds.) ECCV 2012. LNCS, vol. 7572, pp. 200–213. Springer, Heidelberg (2012).
https://doi.org/10.1007/978-3-642-33718-5 15

7. Shi, J., Tomasi, C.: Good features to track. In: 1994 Proceedings of IEEE Con-
ference on Computer Vision and Pattern Recognition, pp. 593–600, June 1994.
https://doi.org/10.1109/CVPR.1994.323794

8. Lai, K., Bo, L., Fox, D.: Unsupervised feature learning for 3D scene labeling. In:
2014 IEEE International Conference on Robotics and Automation (ICRA), pp.
3050–3057, May 2014. https://doi.org/10.1109/ICRA.2014.6907298

9. Li, J., Lee, G.: USIP: unsupervised stable interest point detection from 3D point
clouds, March 2019

10. Lowe,D.G.:Distinctive image features fromscale-invariantkeypoints. Int.J.Comput.
Vis. 60(2), 91–110 (2004). https://doi.org/10.1023/B:VISI.0000029664.99615.94

11. Mian, A., Bennamoun, M., Owens, R.: On the repeatability and quality of key-
points for local feature-based 3D object retrieval from cluttered scenes. Int. J.
Comput. Vis. 89(2), 348–361 (2010). https://doi.org/10.1007/s11263-009-0296-z

12. Phillips, J.M., Liu, R., Tomasi, C.: Outlier robust ICP for minimizing fractional
RMSD. In: Sixth International Conference on 3-D Digital Imaging and Modeling
(3DIM 2007), pp. 427–434, August 2007. https://doi.org/10.1109/3DIM.2007.39

13. Pomerleau, F., Colas, F., Siegwart, R.: A review of point cloud registration algo-
rithms for mobile robotics. Found. Trends R© Robot. 4, 1–104 (2015). https://doi.
org/10.1561/2300000035

14. Rusu, R., Blodow, N., Beetz, M.: Fast point feature histograms (FPFH) for 3D
registration, pp. 3212–3217, June 2009. https://doi.org/10.1109/ROBOT.2009.
5152473

15. Rusu, R., Cousins, S.: 3D is here: point cloud library (PCL), May 2011. https://
doi.org/10.1109/ICRA.2011.5980567

16. Salti, S., Tombari, F., Spezialetti, R., Stefano, L.D.: Learning a descriptor-specific
3D keypoint detector. In: 2015 IEEE International Conference on Computer Vision
(ICCV), pp. 2318–2326, December 2015. https://doi.org/10.1109/ICCV.2015.267

17. Salti, S., Tombari, F., Stefano, L.D.: A performance evaluation of 3D keypoint
detectors. In: 2011 International Conference on 3D Imaging, Modeling, Processing,
Visualization and Transmission, pp. 236–243, May 2011. https://doi.org/10.1109/
3DIMPVT.2011.37

18. Segal, A., Hähnel, D., Thrun, S.: Generalized-ICP, June 2009. https://doi.org/10.
15607/RSS.2009.V.021

19. Teran, L., Mordohai, P.: 3D interest point detection via discriminative learning.
In: Fleet, D., Pajdla, T., Schiele, B., Tuytelaars, T. (eds.) ECCV 2014. LNCS,
vol. 8689, pp. 159–173. Springer, Cham (2014). https://doi.org/10.1007/978-3-319-
10590-1 11

https://doi.org/10.1016/j.imavis.2003.09.004
https://doi.org/10.1007/3-540-47979-1_28
https://doi.org/10.1007/3-540-47979-1_28
https://doi.org/10.1007/978-3-642-33718-5_15
https://doi.org/10.1109/CVPR.1994.323794
https://doi.org/10.1109/ICRA.2014.6907298
https://doi.org/10.1023/B:VISI.0000029664.99615.94
https://doi.org/10.1007/s11263-009-0296-z
https://doi.org/10.1109/3DIM.2007.39
https://doi.org/10.1561/2300000035
https://doi.org/10.1561/2300000035
https://doi.org/10.1109/ROBOT.2009.5152473
https://doi.org/10.1109/ROBOT.2009.5152473
https://doi.org/10.1109/ICRA.2011.5980567
https://doi.org/10.1109/ICRA.2011.5980567
https://doi.org/10.1109/ICCV.2015.267
https://doi.org/10.1109/3DIMPVT.2011.37
https://doi.org/10.1109/3DIMPVT.2011.37
https://doi.org/10.15607/RSS.2009.V.021
https://doi.org/10.15607/RSS.2009.V.021
https://doi.org/10.1007/978-3-319-10590-1_11
https://doi.org/10.1007/978-3-319-10590-1_11


On Fast Point Cloud Matching with Key Points and Parameter Tuning 511

20. Tonioni, A., Salti, S., Tombari, F., Spezialetti, R., Stefano, L.D.: Learning to detect
good 3D keypoints. Int. J. Comput. Vis. 126(1), 1–20 (2018). https://doi.org/10.
1007/s11263-017-1037-3

21. Yang, J., Li, H., Campbell, D., Jia, Y.: Go-ICP: a globally optimal solution to 3D
ICP point-set registration. IEEE Trans. Pattern Anal. Mach. Intell. 38, 2241–2254
(2015). https://doi.org/10.1109/TPAMI.2015.2513405

22. Yew, Z.J., Lee, G.H.: 3DFeat-Net: weakly supervised local 3D features for point
cloud registration. In: Ferrari, V., Hebert, M., Sminchisescu, C., Weiss, Y. (eds.)
ECCV 2018. LNCS, vol. 11219, pp. 630–646. Springer, Cham (2018). https://doi.
org/10.1007/978-3-030-01267-0 37

23. Zhong, Y.: Intrinsic shape signatures: a shape descriptor for 3D object recognition,
pp. 689–696, December 2009. https://doi.org/10.1109/ICCVW.2009.5457637

24. Zhou, Q.-Y., Park, J., Koltun, V.: Fast global registration. In: Leibe, B., Matas, J.,
Sebe, N., Welling, M. (eds.) ECCV 2016. LNCS, vol. 9906, pp. 766–782. Springer,
Cham (2016). https://doi.org/10.1007/978-3-319-46475-6 47

https://doi.org/10.1007/s11263-017-1037-3
https://doi.org/10.1007/s11263-017-1037-3
https://doi.org/10.1109/TPAMI.2015.2513405
https://doi.org/10.1007/978-3-030-01267-0_37
https://doi.org/10.1007/978-3-030-01267-0_37
https://doi.org/10.1109/ICCVW.2009.5457637
https://doi.org/10.1007/978-3-319-46475-6_47

	On Fast Point Cloud Matching with Key Points and Parameter Tuning
	1 Introduction
	2 Related Work
	3 Keypoint Selection
	3.1 ISS3D
	3.2 Harris3D
	3.3 SIFT

	4 Methodology
	4.1 Keypoint Evaluation
	4.2 Registration Pipeline
	4.3 Parameter Tuning

	5 Evaluation and Discussion
	5.1 Data Sets
	5.2 Results

	6 Conclusion
	References


