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Abstract
To address the shortcomings of slow correspondence search between two point
clouds and slow convergence speed in the optimization process when using only
swarm intelligence optimization algorithms and point cloud spatial information
for point cloud registration, this paper proposes an artificial bee colony point
cloud registration algorithm based on curvature information. The algorithm
extracts feature points based on curvature information, and obtains the optimal
transformation matrix that can align the two point clouds by optimizing the
objective function through an improved artificial bee colony algorithm. During
the population optimization process, the search range for corresponding points is
constrained based on curvature information, thereby reducing the scale of point
clouds participating in the computation. Comparative experiments demonstrate
that, compared with registration algorithms that only employ random point
selection methods and utilize point cloud spatial coordinate information, the
proposed algorithm can effectively accelerate the registration convergence speed
and significantly reduce the time required for point cloud registration without
compromising registration accuracy.
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Abstract: Methods for point cloud registration that rely solely on swarm in-
telligence optimization algorithms and spatial information suffer from slow con-
vergence and high computational costs due to the time-consuming search for
corresponding points. To address these limitations, this paper proposes a reg-
istration algorithm that incorporates curvature information. The algorithm
extracts feature points based on curvature information and obtains the optimal
transformation matrix for aligning two point clouds by optimizing the objective
function through an improved artificial bee colony algorithm. During popu-
lation optimization, the search range for corresponding points is constrained
using curvature information, thereby reducing the scale of point clouds involved
in computation. Comparative experiments demonstrate that, compared with
registration algorithms using random point selection and spatial coordinate in-
formation alone, the proposed algorithm effectively accelerates convergence and
significantly reduces registration time without compromising accuracy.

Key words: point cloud; curvature information; feature point selection; corre-
sponding point search; artificial bee colony algorithm

0 Introduction
Three-dimensional imaging involves acquiring 3D point cloud data of an object
from different viewpoints using 3D scanning devices to reconstruct the object’s
complete morphology. In this field, point cloud registration is a critical technique
that seeks an optimal Euclidean transformation to align partially overlapping
point clouds of the same object, captured from different angles, into a unified
coordinate system.

Point cloud registration is fundamentally an optimization process. Traditional
methods for solving this optimization problem are susceptible to quantization
errors, point cloud noise, and initial positioning. For instance, the classic Itera-
tive Closest Points (ICP) algorithm [1] often converges to local optima and fails
when the initial positions of point clouds are unfavorable. Although scholars
have proposed improved ICP variants—such as Chen et al. [2] who used me-
dian point-to-tangent-plane distances rather than point-to-point distances as
the objective function, and reference [3] which employed principal component
analysis for coarse registration followed by a curvature-based ICP refinement—
these approaches still suffer from susceptibility to local convergence.

In recent years, swarm intelligence optimization algorithms have emerged as
powerful methods for various engineering optimization problems. References
[4–7] applied particle swarm optimization to parameter estimation for perma-
nent magnet synchronous motors in industrial systems, effectively improving
performance. Reference [8] introduced particle swarm optimization into speech
recognition, enhancing success rates. Reference [9] utilized bee colony optimiza-
tion in digital image processing to address false positives in watermarking. Refer-
ence [10] applied ant colony optimization to embedded system design, achieving
successful hardware-software co-design.
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In 3D imaging, swarm intelligence-based point cloud registration has become a
research hotspot due to the excellent global optimization capabilities of these
algorithms, demonstrating clear advantages over traditional methods. For exam-
ple, Cordón et al. [11] proposed an image registration algorithm based on bacte-
rial foraging, Santamaría [12] developed a CHC algorithm-based approach, and
Agrawal et al. [13] introduced an evolutionary rigid-body docking algorithm.

While these swarm intelligence-based methods address the limitations of
gradient-based approaches and improve adaptability and accuracy, they
require numerous iterations to achieve precise results. Each iteration involves
computing objective function values for population individuals, resulting in
substantial computational overhead. Consequently, reducing computational
complexity while maintaining registration accuracy has become a key research
focus.

This paper proposes an artificial bee colony (ABC) [14] point cloud registration
algorithm that leverages curvature information. The algorithm first extracts
subsets of points through both random sampling and curvature-based sampling.
During correspondence search, it excludes points with significantly different cur-
vature ranges, thereby narrowing the search space and reducing computational
load. Finally, the optimal transformation is obtained through ABC optimiza-
tion. Comparative experiments confirm that constraining the correspondence
search using curvature information effectively reduces registration time while
preserving accuracy.

1 Point Cloud Registration Model
The goal of point cloud registration is to merge static point clouds 𝑄 and dy-
namic point clouds 𝑃 , acquired from different viewpoints, into a unified 3D co-
ordinate system to obtain a complete geometric model. In spatial coordinates,
a rigid transformation can be represented by a rotation-translation matrix 𝑇 .
For a dynamic point cloud 𝑃 = {𝑝𝑖|𝑖 = 1, 2, … , 𝑁𝑃 } and static point cloud
𝑄 = {𝑞𝑗|𝑗 = 1, 2, … , 𝑁𝑄}, the objective is to find the optimal Euclidean trans-
formation matrix 𝑇 that aligns corresponding points in the overlapping regions.

The transformation matrix 𝑇 contains six parameters: translations 𝑇𝑥, 𝑇𝑦, 𝑇𝑧
along three axes and rotations 𝛼, 𝛽, 𝛾 about three axes. The matrix is expressed
as 𝑇 = 𝑅𝑋𝑅𝑌 𝑅𝑍𝑆, where 𝑅𝑋, 𝑅𝑌 , 𝑅𝑍 are rotation matrices and 𝑆 is the trans-
lation matrix:

𝑅𝑋 =
⎡
⎢⎢
⎣

1 0 0 0
0 cos 𝛼 − sin 𝛼 0
0 sin 𝛼 cos 𝛼 0
0 0 0 1

⎤
⎥⎥
⎦

, 𝑅𝑌 =
⎡
⎢⎢
⎣

cos 𝛽 0 sin 𝛽 0
0 1 0 0

− sin 𝛽 0 cos 𝛽 0
0 0 0 1

⎤
⎥⎥
⎦

,
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𝑅𝑍 =
⎡
⎢⎢
⎣

cos 𝛾 − sin 𝛾 0 0
sin 𝛾 cos 𝛾 0 0

0 0 1 0
0 0 0 1

⎤
⎥⎥
⎦

, 𝑆 =
⎡
⎢⎢
⎣

1 0 0 𝑇𝑋
0 1 0 𝑇𝑌
0 0 1 𝑇𝑍
0 0 0 1

⎤
⎥⎥
⎦

Ideally, for a point 𝑝𝑖 ∈ 𝑃 transformed by 𝑇 , the distance to its correspondence
𝑞𝑗 ∈ 𝑄 should be zero. In practice, due to measurement errors and noise, this
distance is:

𝑑𝑖 = ‖𝑇 (𝑝𝑖) − 𝑞𝑗‖

Thus, registration becomes an optimization problem: find the optimal transfor-
mation matrix 𝑇 that minimizes the Euclidean distance between all correspond-
ing point pairs:

min
𝑇

𝐸(𝑇 ) = ∑
𝑖

‖𝑇 (𝑝𝑖) − 𝑞𝑗‖

Incorporating the artificial bee colony algorithm, we use the median of squared
distances as the objective function:

𝐹(𝑇 ) = MedSE = Med(𝑑2
𝑖 )

where MedSE represents the median of squared distances between corresponding
points in the two point clouds.

2 Improved Artificial Bee Colony Algorithm
The artificial bee colony algorithm, proposed by Karaboga et al., mimics honey
bee foraging behavior and has been widely applied to multi-dimensional opti-
mization problems [15–17]. Each solution represents a food source, evaluated
by an objective function. The colony consists of three types of bees: employed
bees, onlooker bees, and scout bees.

Employed bees search for food sources (solutions) and modify partial informa-
tion during each iteration, retaining the better solution based on objective func-
tion values. They then share information with onlooker bees through a waggle
dance. Onlooker bees probabilistically select food sources, make modifications,
and also retain superior solutions. If no improvement occurs after a specified
number of iterations, onlooker bees abandon their sources and become scouts
to search for new ones.

In the basic ABC algorithm, employed and onlooker bees share the same search
equation:
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𝑉𝑖𝑗 = 𝑋𝑖𝑗 + 𝜙𝑖𝑗(𝑋𝑖𝑗 − 𝑋𝑘𝑗)

where 𝜙𝑖𝑗 is a random number in [−1, 1].
For complex multi-dimensional nonlinear problems, ABC offers advantages in-
cluding few control parameters, good global convergence, and easy implemen-
tation. However, its local exploitation capability is limited, resulting in slow
convergence. Addressing this, Gao et al. proposed the Enhanced ABC (EABC)
algorithm [19], inspired by differential evolution (DE) [18], which uses separate
search equations for employed and onlooker bees:

Employed bee:

𝑉𝑖𝑗 = 𝑋𝑖𝑗 + 𝛼(𝑋𝑟1𝑗 − 𝑋best𝑗) + 𝛽(𝑋𝑟2𝑗 − 𝑋𝑟3𝑗)

Onlooker bee:

𝑉𝑖𝑗 = 𝑋𝑖𝑗 + 𝛼(𝑋𝑟1𝑗 − 𝑋best𝑗) + 𝛽(𝑋𝑟2𝑗 − 𝑋𝑟3𝑗)

where 𝑋best𝑗 is the current global best solution, 𝑟1, 𝑟2, 𝑟3 are distinct random
integers, 𝛼 is a random number in [0, 𝐴], and 𝛽 is drawn from a Gaussian
distribution with mean 𝜇 and standard deviation 𝜎. These equations balance
exploration and exploitation by incorporating global best guidance while main-
taining diversity through perturbations.

3 Artificial Bee Colony Registration Algorithm Based on
Point Cloud Curvature Information
Point cloud registration suffers from high computational complexity, time con-
sumption, and inaccurate correspondence search. Recent work has utilized fea-
ture information such as local curvature [20], FPFH [21], and LSP [22] in coarse
registration. Curvature information particularly helps reduce mismatches since
different surface regions typically exhibit distinct curvature values.

3.1 Feature Point Sampling Based on Curvature Information

For each point in point clouds 𝑃 and 𝑄, we compute Gaussian curvature
𝑘Gaussian and mean curvature 𝑘Mean using the Moving Least Squares (MLS)
method [23]:

𝑘Gaussian = 𝑘1 ⋅ 𝑘2

𝑘Mean = 𝑘1 + 𝑘2
2

where 𝑘1 and 𝑘2 are the principal curvatures. Following Chen et al. [24], we
define curvature information for each point 𝑝 as:
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𝑆(𝑝) = 1
𝜋 arctan (𝑘1(𝑝) + 𝑘2(𝑝)

𝑘1(𝑝) − 𝑘2(𝑝))

where 0 < 𝑆(𝑝) < 1. The point cloud can then be represented as {𝑝𝑖, 𝑆(𝑝𝑖)|𝑖 =
1, 2, … , 𝑁𝑃 }.

To ensure uniform distribution and avoid local convergence, we combine random
sampling with curvature-based sampling. The curvature range [0, 1] is divided
into 𝑛 segments. Dynamic point cloud 𝑃 is partitioned into subsets 𝑃𝑘 where
points satisfy:

𝑘 − 1
𝑛 < 𝑆(𝑝) ≤ 𝑘

𝑛, 𝑘 = 1, 2, … , 𝑛

Similarly, static point cloud 𝑄 is divided into subsets 𝑄𝑘 where:

𝑘 − 1.5
𝑛 < 𝑆(𝑞) ≤ 𝑘 + 0.5

𝑛 , 𝑘 = 1, 2, … , 𝑛

[Figure 1: see original paper] illustrates this partitioning for 𝑛 = 3.

The sampling process works as follows: randomly select an integer 𝑘 from [1, 𝑛].
If subset 𝑃𝑘 is non-empty and its corresponding 𝑄𝑘 is also non-empty, ran-
domly select a point from 𝑃𝑘 as a feature point. Repeat until obtaining 𝑁feature
curvature-based points. To avoid registration failure from local fitting, addi-
tionally extract 𝑁random points via random sampling. The combined set forms
the final registration subset. Empirical results show optimal performance when
𝑁feature ∶ 𝑁random = 2 ∶ 1.

[Figure 2: see original paper] shows the sampling procedure schematically.

3.2 Objective Function Constrained by Curvature Information

During optimization, the algorithm continuously searches for correspondences
of each point in the transformed dynamic point cloud within the static point
cloud, with the median squared distance evaluating registration quality. This
correspondence search dominates computational time.

To accelerate this, we propose a curvature-constrained objective function 𝜓(𝑇 ).
Since corresponding points have similar curvature values, we restrict the search
to curvature-similar subsets. After finding correspondences, we compute the
median squared distance as the objective function value.

The algorithm flow for 𝜓(𝑇 ) is:

a) Transform dynamic point cloud 𝑃 using matrix 𝑇 to obtain 𝑇 (𝑃)
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b) For each transformed point 𝑇 (𝑝𝑖), compute its curvature segment 𝑘 using:

𝑘 = ⌊𝑆(𝑝𝑖)
1/𝑛 ⌋ + 1

c) Search for correspondence 𝑞𝑗 only within subset 𝑄𝑘

d) Compute Euclidean distance 𝑑𝑖 = ‖𝑇 (𝑝𝑖) − 𝑞𝑗‖

e) Calculate objective function value using 𝜓(𝑇 ) = Med(𝑑2
𝑖 )

To further accelerate search, a kd-tree data structure is built for each static
point cloud subset 𝑄𝑘.

4 Experiments
4.1 3D Point Cloud Data

Experiments used four point cloud models from the SAMPL database: Tele,
Bird, Angel, and Frog. For each model, point clouds from 0° and 40° viewpoints
were selected. The 0° views contained 6,841, 9,115, 14,089, and 9,640 points re-
spectively, while the 40° views contained 5,612, 5,872, 13,190, and 7,650 points.
During registration, one point cloud remained static while the other was ran-
domly rotated and translated to serve as the dynamic point cloud.

4.2 Experimental Design

Two experiments were conducted to evaluate performance:

Experiment 1: Compared the proposed curvature-based improved ABC reg-
istration algorithm (referred to as “our algorithm”) against an improved ABC
algorithm using only spatial coordinate information (referred to as “spatial
algorithm”). summarizes the strategies.

Experiment 2: Compared our algorithm against two recent swarm intelligence-
based methods: ABC2016 [25] (improved ISS feature points with ABC) and
DE2014 [26] (adaptive invasive differential evolution). Both experiments used
identical parameters, platforms, data models, and evaluation criteria.

4.3 Parameter Settings

Experiments ran on an Intel Core i7-4790 processor (3.6 GHz) with 16 GB
RAM, Windows 8, and MATLAB R2014a. Through preliminary testing, opti-
mal parameters were determined: population size of 20 (equal employed and
onlooker bees), limit = 50, Gaussian distribution parameters 𝜇 = 0.3, 𝜎 = 0.3.
For each model, the 0° point cloud served as dynamic input 𝑃 , with 300 sam-
pling points selected. Before registration, 𝑃 was randomly translated within
[−40mm, 40mm] and rotated within [0, 2𝜋] about all axes. details the EABC
parameters.
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4.4 Analysis of Experiment 1 Results

Both algorithms converged within approximately 160 seconds, so experiments
were limited to 200 seconds. Every 10 seconds, the best transformation vector 𝜌
was recorded and applied to the complete dynamic point cloud, yielding 𝑇 (𝑃).
The median squared distance 𝐿𝑟 between 𝑇 (𝑃) and static cloud 𝑄 was computed
at each interval 𝑟 = 1, 2, … , 20. Convergence curves were plotted using 𝐿𝑟 values
after 50 seconds for clarity. Registration success was determined by threshold
𝜏𝑚 specific to each model ().

[Figure 3: see original paper] shows convergence curves for all models. Our
algorithm typically converged within 100 seconds, while the spatial algorithm
required approximately 150 seconds. presents success rates, average objective
values, and iteration counts over 30 runs (failed runs excluded). Our algorithm
achieved higher success rates (only one failure across all models) and significantly
more iterations within the same time frame (e.g., 6,614 vs. 3,891 for Bird model),
demonstrating reduced per-iteration computation. [Figure 4: see original paper]
visualizes the registration quality.

4.5 Analysis of Experiment 2 Results

Our algorithm was compared against ABC2016 and DE2014. lists the parame-
ters for each method. All algorithms ran 30 times with objective function values
recorded every 10 seconds. [Figure 5: see original paper] shows convergence
curves, while summarizes success rates and final accuracy.

Our algorithm demonstrated faster convergence and higher stability (fewer fail-
ures) compared to both ABC2016 and DE2014, without sacrificing accuracy.
The curvature constraint effectively reduced function complexity and acceler-
ated optimization.

5 Conclusion
This paper proposes a curvature-based point cloud registration method that im-
proves sampling and correspondence search. By combining curvature-based and
random sampling, the algorithm reduces the search space during optimization,
decreasing computational overhead. The improved EABC algorithm then finds
the optimal transformation. Experiments confirm that our approach achieves
good registration quality with faster convergence and higher success rates com-
pared to spatial-only ABC methods and other recent swarm intelligence ap-
proaches, making it highly competitive.
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