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Abstract. Searching correspondences between 3D point Clouds is com-
putationally expensive for two reasons: the complexity of geometric-
based feature extraction operations and the large search space. To tackle
this challenging problem, we propose a novel and efficient 3D point
cloud matching algorithm. Our algorithm is inspired by PatchMatch [1],
which is designed for correspondence search between 2D images. How-
ever, PatchMatch relies on the natural scanline order of 2D images to
propagate good solutions across the images, whereas such an order does
not exist for 3D point clouds. Hence, unlike PatchMatch which con-
ducts search at different pixels sequentially under the scanline order, our
algorithm searches the best correspondences for different 3D points in
parallel using a variant of the Artificial Bee Colony (ABC) [2] algorithm
and propagates good solutions found at one point to its k-nearest neigh-
bors. In addition, noticed that correspondences found using geometric-
based features extracted at individual points alone can be prone to noise,
we add a novel smooth term to the objective function. Experiments on
multiple datasets show that the new smooth term can effectively sup-
press matching noises and the ABC-based parallel search can signifi-
cantly reduce the computational time compared to brute-force search.

1 Introduction

As a versatile representation for geometric models, 3D point clouds can be cap-
tured by laser scanners, estimated from stereo matching, or sampled from 3D
surface models. The point set correspondence problem is to find the optimal
matching between the two sets of points. It plays an important role in a num-
ber of applications, such as building statistical shape models [3–6], estimating
3D object movements [4,7–9], smoothly interpolating the key frames in cartoon
animations [4], morphing between shapes of disparate objects [10], and recog-
nizing/classifying 3D objects [11,12]. These applications all involve finding the
optimal correspondence between closely related but disparate objects or shapes.

When there are only rigid transformations between the two point clouds, com-
putationally efficient methods such as Iterative Closest Point (ICP) and Robust
Point Matching (RPM) can be applied, which seek to search the transformation
and correspondence iteratively. However, non-rigid deformations across match-
ing surfaces (e.g., elastic deformation) widely exist in real world applications.
c© Springer International Publishing AG 2016
G. Bebis et al. (Eds.): ISVC 2016, Part I, LNCS 10072, pp. 485–496, 2016.
DOI: 10.1007/978-3-319-50835-1 44



486 Z. Yi et al.

Although efforts have been made to adapt ICP or RPM for non-rigid correspon-
dence [13–15], the deformations are approximated to be articulated rigid, rather
than fully non-rigid.

Non-rigid deformations can be handled by finding pointwise correspondences
between the point clouds, which is a computationally expensive task because of
the large search space and the complexity of 3D feature descriptor computation.
The difficulty is further enhanced due to presence of noise and the possibility
of distinct points having very similar geometric features. The presence of noise,
which might result from the process of point set acquisition or feature extraction,
means that visually corresponding points may differ a lot in the feature space. On
the other hand, 3D points from semantically different parts, such as left and right
arms of a human model, can have almost identical features. The introduction
of additional constraint such as isometric consistency can effectively solve these
issues [16,17].

Previous feature-based correspondence methods use hierarchical searching
strategy [18] or course-to-fine process [19] to accelerate the searching process.
Nevertheless, they entail expensive computation of local features at multiple
levels, making them unsuitable for dense correspondence search of large 3D point
clouds. In addition, introducing the smoothness term that enforces isometric
consistency makes the pointwise correspondence results dependent upon each
other and turns the problem into a combinatorial optimization problem. Under
this scenario, an efficient heuristic optimization method is needed.

Motivated by the success of PatchMatch [1] on finding correspondences
among 2D pixels, we propose a 3D feature-based point matching algorithm,
which takes advantage of randomized search and solution propagation among
neighboring points. Given two 3D point clouds, one as source and the other as
target, the algorithm searches for the optimal correspondences between the two
under an objective function that considers both similarity in geometric feature
space and smoothness among neighboring matches. However, PatchMatch relies
on the natural scanline order of 2D images to search and propagate good solu-
tions across the images. Since such an order does not exist for 3D point clouds,
our algorithm conducts searches at different 3D points in a parallel manner and
propagates good solutions through k-nearest neighbors. In particular, a swarm
intelligence algorithm, the Artificial Bee Colony (ABC) [2], is used to search
for the best match at each point. Good matches found at a given point are
propagated to its k-nearest neighboring points, which can greatly accelerate the
convergence. The method proposed in [20] employs a similar propagation scheme
to accelerate the searching process. However, the absence of randomized search
in [20] limits its capability to fully explore the solution space and find a global
optimal solution.

The main contributions of this work are as follows:

– A new feature-based 3D point matching algorithm based on a variant of the
ABC algorithm is proposed to randomly search for the optimal match at each
point and propagates the good matches to neighboring points.
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– We propose an novel objective function that dynamically balances between
the feature similarity and isometric consistency, and guides the optimization
to a smooth and optimal solution.

2 Related Work

2.1 Geometric-Based Point Feature Extractions

Numerous approaches have been proposed for extracting feature descriptors for
a given point based on geometric properties of points in its local neighborhood.
The evaluation carried out by Alexandre [21,22] finds that Signature of His-
tograms of OrienTations [23], Point Feature Histograms [24], Fast Point Feature
Histogram [25], 3D deep descriptor [26] and Unique Shape Context (USC) [27]
stand out in tasks such as category recognition and object recognition.

For the correspondence search problem that we try to solve, the desired
feature descriptor should uniquely represent the geometric pattern around the
given point and be informative enough to distinguish the pattern from others.
The USC approach proposed by [27] first finds a unique local reference frame
(LRF) at the query point, then encodes the statistical histogram of point densi-
ties within a spherical grid surrounding the point. It is chosen in our implemen-
tation, although other types of feature descriptors can be easily adopted in the
proposed framework as well.

2.2 Nearest Neighbor Search

Feature-based point cloud match comes at expense of large search space and
higher dimensional feature descriptors. Previous acceleration techniques for near-
est neighbor search generally involve binary space partitioning tree structures
such as TSVQ [28], kd-trees [29], and VP-trees [30], each of which supports both
exact and approximate search. Another thread is to use dimensionality reduction
methods such as Primary Component Analysis [31] for acceleration.

In image editing/synthesis domain, PatchMatch (PM) [1] and Generalized
PatchMatch (GPM) [32] are widely used for approximate nearest neighbor
search, making use of the neighborhood coherency which naturally exists among
2D image patches. In specific, PM alternatively conducts randomized search and
propagation along scanlines for better match in coherent areas [1]. GPM extends
PM for k-nearest neighbors searches, and enables searching across scales and
rotations [32]. The neighborhood coherence in correspondence also exists for 3D
point clouds. However, there lacks a natural ordering along which good matches
can be propagated and hence PM and GPM cannot be applied. Our method uti-
lizes a variant of the ABC algorithm to perform both population-based searching
at individual points and match propagation among neighboring points.
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2.3 Artificial Bee Colony

Artificial Bee Colony (ABC) is an optimization algorithm based on the intelligent
behavior of honey bee swarm. Karaboga et al. proposed this algorithm and tested
its performances on multiple optimization problems [2,33,34]. The results show
ABC outperforms or is equal to other popular swarm intelligence and population
based algorithms in avoiding being trapped in local minima.

In our approach, a bee colony is setup at each 3D point to search for the
best correspondences. An additional type of bees is also introduced to facilitate
communication between different bee colonies, which allows good matches being
propagated along neighboring 3d points.

3 Feature-Based Point Correspondence Search

The feature-based point cloud correspondence problem is described as follows:
Given the source (S) and target (T ) point clouds, we search for the optimal
correspondence mapping M : S �→ T that maps each point p ∈ S to a point
M(p) ∈ T so that the following energy function is minimized:

E =
∑

p∈S

(
(1 − α)Egeo(p,M(p)) + αEsmo(p)

)
(1)

where α is referred to as smoothness coefficient, a parameter balancing between
the geometry term (Egeo) and the smoothness term (Esmo).

The geometry term examines the similarity between point p and its corre-
spondence M(p) in feature space:

Egeo(p,M(p)) = ‖USC(p) − USC(M(p))‖, (2)

where USC(·) is the USC feature vector extracted at a given point and ‖ · ‖
computes the L2 norm.

The smooth term measures the correspondence smoothness among p and its
neighbors, and is computed as:

Esmo(p) =
∑

q∈Ωp

∣∣‖M(q) − M(p)‖ − ‖q − p‖∣∣, (3)

where Ωp is a set containing the k nearest neighbors of p in S.
As shown in Fig. 1, the novel smoothness term is designed to suppress noisy

matches. Experiment results (see Fig. 2) shows that it can effectively remove
mismatches caused by noise and feature descriptor ambiguity. In what follows,
we first explain how to compute the feature vectors for each point in the source
and target clouds, followed by the discussion on how to optimize Eq. 1.
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Fig. 1. Impact of the smoothness term. When searching for the correspondence of
p ∈ S, point t ∈ T may have smaller distance in the USC feature space and hence
result in a mismatch. Assuming that proper matches are found for p’s neighboring
points, then the smoothness term can encourage p to match with t′, which has smaller
smoothness term value.

Fig. 2. Correspondences found under different objective functions for the woman-man
(top) and tiger-horse (bottom) datasets. The source and target point clouds are sampled
from meshes (b) and (a), respectively. To visualize the matching result, we color all
points in the target point cloud based on their spacial coordinates (c) and points in
the source point cloud using the color of their best correspondences in target (d–f).
All correspondences are computed using exhaustive search, with the difference being
either without using the smoothness term, i.e., α = 0 (d), using the smoothness term
with α gradually increased from 0 to 0.95 (e), or using the smoothness term with α
fixed to 0.95 (f). Note that noisy matches are observed in (d), whereas the search is
trapped in local minima in (f).

3.1 Feature Extraction and k Neighbors Precomputation

To compute the USC feature vector for a given point p in S (or T ), we first
build a k-d trees for S (or T ). A three-step procedure is then applied: spheri-
cal neighborhoods search, unique local reference frame (LRF) construction, and
spherical point density analysis.
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Assisted by the corresponding k-d tree, The first step finds all points within
the sphere of radius Rm centered at p. Then a unique LRF is computed in the
second step, through constructing a weighted covariance matrix M using these
spherical neighborhoods, computing the eigenVector decomposition of M, and
finally performing a total least squares estimation of the 3 unit vectors of the
LRF based on the eigenvectors (see [23] for details). Once the unique LRF is
computed, the USC descriptor is computed by constructing a spherical grid that
aligns with the 3 axes of the LRF and then generating a normalized histogram
using weighted sum of each bin.

The complexity of neighborhood search, LRF construction, and point density
analysis are n×m× log(n), n×m, n(m+d), respectively, where n is the number
of points, m is the average number of spherical neighborhoods, and d is the
number of descriptor bins. In all our experiments, we set d = 1980.

The k-d trees are also used to facilitate the search for the k nearest neigh-
borhoods (Ωp) of each point p in S and T . Since the k nearest neighbors are
frequently visited during the optimization, in our implementation the search
results are cached for future use. The average complexity of this operation is
O(n × k × log(n)).

3.2 ABC-based 3D Point Match

The original ABC is an efficient population based optimization algorithm
inspired by the intelligent foraging behavior of bee colonies. By representing each
solution as a food source, it searches the near optimal solutions with three types
of bees: employed bees, scout bees and onlookers. The employed bees improve
the position of food source by exploiting nearby areas. The food information
exploited by employed bees is shared with onlooker bees through nectar, in a
way guiding onlookers to localize better sources. Scout bees carry out random
search for discovering new sources.

Different from the original ABC, which uses a single artificial bee colony to
perform the optimization, our approach assigns a bee colony to each point p ∈ S
and allows different colonies to communicate with each other through onlooker
bees. Algorithm 1 shows the procedure of ABC-based search. The bee colony at
point p is responsible for finding the optimal correspondence M(p) ∈ T . Each
candidate match is referred to as a food source and a colony maintains c best
food sources (c = 4 by default). Search is performed using 16c employed bees,
4c scout bees, and 4c onlookers, with each type of bees serving different roles.
The employed bees optimize correspondence locally through searching among
the neighbors of the existing c food sources at p. The scout bees perform global
random search within the whole domain of T . Onlooker bees propagates good
matches among neighboring points by checking the food sources at p’s neighbors.

During the optimization, the fitness scores of different candidate matches
(i.e., food sources) at point p are evaluated using Eq. 1. Note that, while we
keep the best c candidate matches at each 3D point, only the best match at each
neighboring point in Ωp is used to compute the smoothness term as specified in
Eq. 3. In addition, since the smoothness term can only benefit the optimization
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Algorithm 1. ABC-based 3D point cloud match
1: set up a colony for each point in S;
2: randomly assign each colony c food sources;
3: assign each colony 16c employed bees, 4c scout bees and 4c onlooker bees;
4: repeat
5: for each point p ∈ S do
6: employed bees exploit the neighbors of the c food sources and update them

if better ones are found;
7: scout bees randomly exploit food sources in T and replace the worst source

if a better one is found;
8: onlookers search food sources of k neighbors of p and replace the worst

source if better ones are found;
9: end for

10: until food sources stay unchanged or a user-specified number of iterations is
reached

at point p after near optimal matches are found for some of p’s neighbors, the
value of the smoothness coefficient α in Eq. 1 is gradually increased from 0 to the
desired value throughout the optimization. This strategy allows the optimization
avoid being trapped into local minima, as the case shown in Fig. 2(f).

Please also note that, both employed bees and onlookers involve searching
among neighbors (either the neighbors of p’s food sources in T or the food
sources at p’s neighboring pixels in S). These searches are accelerated using
the cached k neighbors. Moreover, if the number of neighbors is larger than the
number of bees, we randomly select a neighbor for each bee to exploit.

The theoretical time complexity of the above algorithm is O(n× t× c(k +d)),
where t is the expected number of iterations for convergence. k+d is the time con-
sumption needed for computation of geometric feature distance and smoothness
term.

4 Experimental Results

We implemented the presented algorithm using OpenMP for multi-thread com-
putation and ran it on 8-core Intel Xeon CPU. In addition, We based our imple-
mentation on the third-party Point Cloud Library (PCL) [35].

Four pairs of point clouds are used for testing. Each pair are sampled from
two closely-related 3D mesh models using the point cloud processing tool Cloud-
Compare [36]. A point cloud contains roughly 10 K points. Detailed information
about these dataset is listed in Table 1.

4.1 Importance of the Smoothness Term

Our first experiment evaluates how much impacts the smoothness term has on
the correspondence results. To ensure that the results are not affected by the
optimization algorithm used, here the expensive exhaustive search is performed.
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Table 1. The experimental dataset

Pair name Model name No. of points Size Patch radius

woman-man pair woman 10,000 102 30

man 9,166 98 30

tiger-horse pair tiger 7,980 58 20

horse 8,431 61 20

car-SUV pair car 8,392 64 20

SUV 9,342 58 20

stand-walk pair stand 10,000 43 13

walk 10,000 41 13

As shown in Fig. 2d, without using the smoothness term (i.e., setting α = 0
in Eq. 1), the optimal correspondences found by exhaustively searching for the
best match M(p) ∈ T for each point p ∈ S independently are noisy. Close
inspection shows that, for the woman-man pair (top row), the left hand of the
source are mapped to the right hand of the target, and vice versa, since the two
hands have similar geometric features. Other mismatches can be attributed to
feature descriptor ambiguities as well.

Figure 2e further shows that these mismatches can be effectively removed
through the presented smoothness term. As discussed above, once the smooth-
ness term is introduced, the optimal match for a given point p depends on p’s
neighbor and hence cannot be optimized independently. Our naive solution here
is to gradually increase α from 0 to the desired value 0.95 and under each α set-
ting, we iteratively optimize each point p ∈ S in a random order until the process
converges. Even though this is a computationally expansive process, it helps the
search to scape from local optima. In comparison, directly setting α = 0.95 and
iteratively optimize each point p ∈ S results in suboptimal results; see Fig. 2f.

4.2 Effectiveness of ABC-based Optimization

The second experiment studies the effectiveness of ABC-based optimization app-
roach. As shown in Fig. 3, the algorithm can quickly minimize both the similarity
and the smoothness terms in Eq. 1, while at the same time avoid being trapped
into local optima.

In addition, Fig. 4 evaluates the robustness of the proposed algorithm in
handling data capturing noises. Gaussian noise of normal distribution N(0, σ) is
used to disturb point locations in both the source and the target point clouds,
before the USC features are extracted. By controlling the value of σ, we obtain
three noise corrupted datasets. The correspondence results (see Fig. 4) achieved
by our ABC-based 3D point match algorithm are comparable with ones for noise-
free inputs (see Fig. 5), even when the noise noticeably changes the object shape.
This confirms the robustness of our approach in handling noise.
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Fig. 3. Convergences of ABC-based point match optimization for car-SUV (top) and
stand-walk (bottom) datasets. (a) and (b) are the original mesh models from which
the target and source point clouds are sampled, respectively. The target point cloud is
colored based on point coordinates in (c). The correspondence search results after 0,
2, 5, and 20 iterations are shown in (d–g), respectively. The convergences of the two
energy terms (Egeo and Esmo) are plotted in (h).

σ = 0.001D σ = 0.005D σ = 0.01D

Fig. 4. Correspondence results on the tiger-horse dataset under different noise levels.
In each test, both the target (left) and the source (right) point clouds are corrupted
using Gaussian noise with standard variance of σ, where D is the diagonal length of
the input point cloud.

4.3 Comparison with Exhaustive Search Results

Finally, using the results obtained by iterative exhaustive search as ground truth,
we evaluate the correspondences found by ABC-based optimization both visu-
ally and quantitatively. The visual comparison shown in Fig. 5 suggests that our
ABC-based approach produces visually identical correspondences as the exhaus-
tive search on all four pairs of point clouds. Table 2 further compares the objec-
tive function values obtained using the two optimization methods, as well as the
computational time and space used. It shows that ABC-based optimization can
obtain near optimal results using only a fraction of the computational time as
the exhaustive search does.
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Fig. 5. Visual comparison between results obtained by our ABC-based point match
with iterative exhaustive search. Given the target point clouds (a)and (d), the corre-
spondences found by our ABC-based approach (b) and (e) and the exhaustive search
(c) and (f) appears to be identical.

Table 2. Quantitative comparison between our ABC-based point match algorithm and
the exhaustive search.

Datasets Objective function value Processing time (sec)

Exhaustive Ours Exhaustive Ours

woman-man pair 0.000657 0.000707 492 42

tiger-horse pair 0.000491 0.000458 669 45

car-SUV pair 0.000375 0.000418 528 39

stand-walk pair 0.000362 0.000534 543 50

5 Conclusion

A fast feature-based 3D point cloud match algorithm is presented in this paper.
Through introducing a novel smoothness term to the objective function, the
algorithm can effectively remove mismatches caused by noises and ambiguity
of geometric-based feature descriptors. Even though the additional smoothness
term makes the objective function even harder to optimize, the ABC-based opti-
mization strategy used in our algorithm can efficiently compute the optimal
solution using only a fraction of the time as the exhaustive search does.

Nevertheless, similar to other feature-based matching approaches, our algo-
rithm also has its limitations. When the two point clouds have significant shape
differences, our algorithm may not produce semantically meaningful matches. For
example, due to large elastic deformation, the hands in the stand-walk dataset
(bottom row of Fig. 5) are mapped to wrong regions in both our algorithm and
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exhaustive search (the colors of the hands in (b) and (c) are different from
the ones in (a)). How to design feature descriptors that are invariant to elas-
tic deformations and/or how to incorporate semantic-based descriptors will be
investigated in the future.
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