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Abstract

The Iterative Closest Point (ICP) algorithm suffers from sen-
sitivity to outliers and tendency to local optima in point cloud
fine registration. In this paper, we introduce a global and ro-
bust ICP framework called Granular-Ball Iterative Closest
Point with MultiKernel Correntropy (GRICP). This approach
transforms the point cloud into a granular ball cloud and em-
ploys MultiKernel Correntropy (MKC) as the loss function,
which is designed to smooth out the effects of noise points
and provide global information for registration. Specifically,
we propose a coarse-grained representation of the point cloud
using the granular ball model, which adaptively captures the
coarse-grained features of the data and converts the point
cloud into a multi-granularity ball cloud. The normal points
within each granular ball help mitigate the influence of noise
points. To ensure that ICP finds the globally optimal trans-
formation, MKC is introduced to measure the distribution of
registration errors, thereby offering global insights for ICP to
achieve the optimal solution. The transformations based on
MKC and the granular ball cloud are then derived. Exten-
sive experiments on both simulated and real-world datasets
demonstrate that GRICP delivers superior registration perfor-
mance, particularly in scenarios involving large rotation off-
sets, partial overlaps, and Gaussian noise.

Introduction
Point cloud fine registration techniques are widely used in
3D scene reconstruction (Agarwal et al. 2011), autonomous
driving (Bresson et al. 2017), and robotics (Durrant-Whyte
and Bailey 2006). The goal of point cloud fine registration is
to accurately align two point clouds by finding a rigid trans-
formation.

A classic work in the field is the Iterative Closest Point
(ICP) algorithm (Besl and McKay 1992), which aligns t-
wo point clouds iteratively until convergence by matching
points based on spatial proximity and then solving a least-
squares problem for the transformation. ICP is extremely
sensitive to noise and initial conditions and tends to get stuck
in suboptimal solutions. To improve the robustness of ICP
to noise, robust loss functions have been introduced in pre-
vious works (Bouaziz, Tagliasacchi, and Pauly 2013), (Wu
et al. 2019), (Liu, Pokharel, and Principe 2007) to reduce
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Figure 1: (a): the original point clouds. (b): the correspond-
ing granular ball cloud.

the influence of noise points. These methods are based on
Gaussian kernel functions, and the choice of kernel width
greatly affects the results. To avoid the issue of kernel width
selection, a symmetric objective function for ICP was pro-
posed in (Li et al. 2022) and (Rusinkiewicz 2019). Never-
theless, the inclusion of a symmetric objective function can
slow down the convergence of ICP. To address this, Ander-
son acceleration (Anderson 1965) was introduced to speed
up convergence, as discussed in (Pavlov et al. 2018) and
(Zhang, Yao, and Deng 2021). Despite this, the approach
adds extra computational burden during optimization. To ad-
dress the drawback of ICP’s tendency to fall into local opti-
ma, Global ICP (Go-ICP) (Yang et al. 2015) and its variants
based on the branch-and-bound method have been proposed.
A major limitation of these methods is that they are high-
ly time-consuming when applied to large-scale point cloud-
s. To achieve global optimization while maintaining effi-
ciency, neural network-based methods such as Deep Clos-
est Point (DCP) (Wang and Solomon 2019) have been intro-
duced. These methods utilize transformers to extract high-
dimensional features of points, generating high-quality ini-
tial correspondences.

In this paper, we propose a global and robust Iterative
Closest Point method for fine registration of point clouds.
By transforming the point cloud into a granular ball cloud
(Xia, Xie, and Wang 2022) and introducing MultiKernel
Correntropy (MKC) (Chen et al. 2021) as the loss function,
we achieve globally robust fine registration. Specifically, our
model mainly consists of two stages.

First, we transform the point cloud into a granular bal-
l cloud. The majority of normal points within each granular
ball can smooth out the influence of a few noise points while
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Figure 2: (a): Error distributions when the algorithm is
trapped in a local optimum. (b): Error distribution for global
registration.

effectively preserving the shape of the point cloud, as shown
in Fig. 1. This is due to the fact that granular balls are an
adaptive clustering model capable of effectively capturing
the coarse-grained information of the point cloud in different
regions (Xie et al. 2024c). The radius and density of the ball-
s, along with their overlap with neighbors, can be considered
coarse-grained features (Zhang et al. 2023). These features
are useful for subsequent outlier rejection steps. Additional-
ly, the number of granular balls is significantly lower than
the number of points, reducing the computational burden of
the method (Cheng et al. 2023). For the issue of local opti-
ma, we observed that when ICP falls into local minima, the
error tends to exhibit a multi-peak distribution, as illustrat-
ed in Fig.2. Loss functions that assume a single distribution
(e.g., Gaussian kernel functions (Liu, Pokharel, and Principe
2007)) find it challenging to handle such multi-peak error
distributions. Consequently, we utilize MultiKernel Corren-
tropy (MKC) (Chen et al. 2021), which can rapidly assess
the error distribution at each iteration. By employing MKC
as the loss function in ICP, we derive the rigid transforma-
tion accordingly.

Based on the aforementioned insights, we propose an ef-
ficient and lightweight point cloud registration framework
to address the challenges of local optima and robustness,
named Global Robust Iterative Closest Point (GRICP). The
main contributions are:

• To address local optima in ICP, Multi-Kernel Corren-
tropy (MKC) is introduced as a loss function to incorpo-
rate global information. This function is integrated into
ICP, leading to updated expressions for R and t based on
MKC.

• To enhance the model’s robustness to noise, the granular
ball model is introduced to transform point clouds into
granular ball clouds. This approach not only improves
robustness but also preserves the complete shape of the
point cloud.

• Moreover, due to the varying sizes of granular balls cap-
turing multi-granularity information across different po-
sitions, this work utilizes these coarse-grained features
for denoising and outlier rejection.

• Furthermore, to demonstrate the effectiveness of GRICP,
extensive experiments were conducted on synthetic and
real datasets.

The implementation of GRICP is available at

Code — https://github.com/little1shadow/GRICP

.

Related Work
Point Cloud Registration
Point cloud registration algorithms for point clouds are
widely used. Typically, the procedure follows these step-
s: first, a global coarse registration method is employed to
roughly align the poses of the two point clouds, followed
by a fine registration method to accurately align the local
surfaces. There exits various options for global coarse regis-
tration methods, such as RANSAC (Chen, Hung, and Cheng
1999), Gore (Bustos and Chin 2017) and FGR (Zhou, Park,
and Koltun 2016). But fine registration techniques predomi-
nantly rely on Iterative Closest Point (ICP) algorithm (Besl
and McKay 1992) and its variants. However, ICP has two
main drawbacks: it is sensitive to noise and prone to getting
stuck in local optima.

The mean squared error (MSE) (Marmolin 1986) is used
as the loss function for ICP to iteratively minimize the Eu-
clidean distance between pairs of closest points. Conse-
quently, ICP is susceptible to complex non-Gaussian nois-
es such as those from multimodal distributions. To address
these limitations, robust loss functions have been studied
in previous works (Bouaziz, Tagliasacchi, and Pauly 2013),
(Wu et al. 2019) to reduce the influence of noisy point pairs.
A p-norm is incorporated into ICP to promote sparsity in
point-wise distances in (Bouaziz, Tagliasacchi, and Pauly
2013), and the Maximum Correntropy Criterion (MCC) (Li-
u, Pokharel, and Principe 2007) is employed as a similarity
measure to lessen the impact of noise, as discussed in (Wu
et al. 2019). Besides robustness, another key aspect of ICP is
the convergence rate. A symmetric objective function which
converges faster than MSE for ICP is proposed in (Li et al.
2022) and (Rusinkiewicz 2019). Other strategies focus on
accelerating the alignment process. For example, the trans-
formation update is treated as a fixed-point iteration prob-
lem and utilizes Anderson acceleration (Anderson 1965) to
speed up convergence as outlined in (Pavlov et al. 2018) and
(Zhang, Yao, and Deng 2021).

Because ICP matches the closest pair of points based on
Euclidean distance as correspondences at each iteration, the
resulting matches often include many outliers. This issue
causes ICP to get stuck in local optima when there is a large
rotational offset between the source and target point clouds.
The ICP variants mentioned above do not address this prob-
lem. Among the ICP variants that aim to find the global opti-
mum, the most notable are Global ICP (Go ICP) (Yang et al.
2015) and Deep Closest ICP (DCP) (Wang and Solomon
2019). Go ICP uses a branch-and-bound method to recur-
sively search the entire rigid transformation space for the
optimal solution, which is very time-consuming for large-
scale point cloud data. DCP uses Transformers to extract
semantic information from the point clouds and constructs
matches based on this information.

Granular-Ball Computing
Grounded on the theoretical underpinnings of traditional
granularity computation and assimilating the human cog-
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nitive paradigm of ”large scale first” (Chen 1982), Wang
(Wang 2017) pioneered the concept of multi-granularity
cognitive computation. Adhering to this methodology, Xi-
a (Xia et al. 2019) proposed an efficient, stable, and inter-
pretable computational approach named granular-ball com-
puting, which utilizes granular balls to cover and represent
data. This unique way enables the method to handle com-
plex datasets with greater ease and efficiency compared to
traditional point-based methods. Due to the excellent mul-
ti - granularity perception ability of the granular ball mod-
el, it has been adopted in various fields. Specifically, such
as granular ball clustering (Xie et al. 2024a,b),granular-ball
based classification methods (Quadir and Tanveer 2024; X-
ia et al. 2024b), granular-ball sampling methodologies (Xia
et al. 2021), granular-ball rough sets (Xia et al. 2023; Zhang
et al. 2023; Xia et al. 2020), granular-ball three-way deci-
sions (Yang et al. 2023, 2024; Xia et al. 2024a), and rein-
forcement learning based on granular ball (Liu et al. 2024).
Additionally, a number of applications have verified the high
effectiveness of granular ball. For instance, the utilization of
granular-ball in text adversarial defense (Wang et al. 2024a),
label noise combating (Dai et al. 2024; Wang et al. 2024b).

Method
Convert Point Cloud to Granular Ball Cloud
Granular ball (Xia, Xie, and Wang 2022) computation is
an adaptive clustering method inspired by the ”large scale
first” cognitive mechanism. In this study, we are given a
point cloud X = x̂i(i = 1, 2...np) and use granular ball-
s gb1, gb2...gbnb

to cover the point cloud X . The number of
points contained in each granular ball gbj is denoted as |gbj |,
and the coverage degree is represented by

∑nb

j=1 |gbj |/np.
The basic model of granular ball is as follows

min
np∑nb

j=1(|gbj |)
+ nb

s.t. quality(gbj) > T

(1)

where nb denotes the number of granular balls. The op-
erator quality(.) represents the ability of a granular ball to
describe the characteristics of all points within it. The ob-
jective function of the granular ball model aims to use few-
er high-quality granular balls to cover more points (Quadir
and Tanveer 2024), thereby capturing coarse-grained infor-
mation and accurately depicting the shape of the point cloud.

The quality of gbk is defined by

ADk =
sk
nk

, (2)

where sk calculated as sk =
∑nk

i=1 ∥xki − ck∥ and nk rep-
resents the number of points inside gbk. The term ADk de-
notes the average distance and can also be interpreted as the
density , denoted as dk. The geometric center ck of gbk is
identified as

ck =

∑nk

i=1 xki

nk
, rk = max∥xki − ck∥, i = 1, 2...nk, (3)

where rk is the radius of gbk. The criterion for a granular-
ball to stop dividing is

ρ(ADk1 +ADk2) > ADk, (4)

where ρ is the ball spliting parameter.
When the quality of two sub-granular balls gbk1 and gbk2

is lower than that of gbk, it indicates that gbk has achieved
high quality and should stop dividing. The source point
cloud X and the target point cloud Y are transformed into
the source ball cloud GBX = gbxi(i = 1, 2...nx) and the
target ball cloud GBY = gbyi(i = 1, 2...ny) respectively,
where nx and xy is number of granular balls.

Correspondence Generation
When registering granular ball cloud, we aim for the maxi-
mum overlap volume between ball clouds, as shown in Fig.
4(a), rather than minimizing the l2 distance between the two
balls cloud for the reason that focusing solely on the dis-
tance between the centers of two granular balls can lead to
incorrect matches. For example, in Fig. 4(b), the distance be-
tween ball A and ball C is greater than that between ball A
and ball B, even though ball A and ball C are better matches.
But it is possible that some balls do not intersect with others.
Therefore, when considering the distance between balls, we
should take into account both the l2 distance and the overlap
ratio.

In Fig.5, we present the cross-section of the overlapping
region of two intersecting balls in three-dimensional space,
with intersection points labeled as P and Q. As shown in
Fig.5, the total volume of the overlapping region Voverlap
can be expressed as:

Voverlap = πh1
2(r2 −

h1

3
) + πh2

2(r1 −
h2

3
) (5)

The overlap ratio Roverlap is defined as follows:

Roverlap =


0, d > r1 + r2;

Voverlap
4
3
πmax(r1,r2)

3 , |r1 − r2| <= d <= r1 + r2;

min(r1,r2)
3

max(r1,r2)
3 , d < |r1 − r2|.

(6)
where d = ∥o1 − o2∥2. Consequently, let the reciprocal

of the overlap ratio of the i-th pair of matching balls be:

Dio =

{
0, d > ri1 + ri2;

1
Roverlap

, di <= ri1 + ri2.
(7)

The goal of correspondence generation is to find the clos-
est ball gbyi in GBY for each gbxi in the GB set GBX . Spe-
cific, for a ball gbxi, its nearest ball gbyi is:

gbyi = argmin
gby∈GBY

m1 ∗ ∥xi − yi∥2 +m2 ∗Dio(gbxi, gby), (8)

where m1 and m2 are combined weights and xi and yi are
center points of gbxi, gbyi. It can be solved by K − d Tree.

Outlier Rejection
Due to the use of l2 distance and the overlap ratio to gener-
ate correspondences, a large number of incorrect correspon-
dences can occur. To address this issue, we note that the ra-
dius of the balls and the overlap region with their neighbors
can be seen as coarse-grained features. If the coarse-grained
features of two matched balls (gbxi, gbyi) differ markedly,
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Figure 3: An overview of the proposed method. We first convert the point cloud into granular ball cloud. Then, based on these
granular balls, we generate correspondences and perform outlier rejection using coarse-grained features of the granular balls.
We use MKC as the loss function and derive the rigid transformation.

(a) (b)

Figure 4: (a) Perfect alignment result, where the overlap
rate between the two granular ball clouds is maximized. (b)
Granular balls in the source overlap with multiple granular
balls in the target. Red represents the source, and blue rep-
resents the target.

Figure 5: The calculation of overlapping volume

the correspondence is likely incorrect. First, a radius differ-
ence score is computed for each correspondence (gbxi, gbyi)
as follows:

score((gbxi, gbyi)) =
|rxi − ryi|

max(rxi, ryi)
, (9)

where rxi and ryi represent the radii of the correspondence
(gbxi, gbyi). These correspondences with scores larger than
a threshold τ1 will be viewed as outliers and eliminated.

Many correspondences with low radius difference scores
may still be outliers. As shown in Fig. 6, although spheres
A and B’ have similar sizes, it is clear that A and B’ have
different overlap situations with their neighbors, making
(gbA, gbB′ ) an outlier. For simplicity, we use the overlap vol-
ume between the ball and its neighbors as the overlap fea-
ture. Similarly, when the difference in overlap features be-
tween two balls exceeds a threshold τ2, the correspondence
is considered an outlier.

Figure 6: outlier rejection. Red lines indicate incorrec-
t match, while green lines represent correct match.

Transformation Update
Measure the error distribution using MKC. Because
both the l2 distance and the overlap ratio is considered, the
distance for the ith correspondence is:

ei = m1 ∗Dil +m2 ∗Dio, (10)

where
Dil = ∥Rxi + t− yi∥2 (11)

The R ∈ R3×3 is a rigid transformation matrix, and t ∈
R3×1 is a translation vector which be initialized as R0 = I
and t0 = [0, 0, 0]T respectively. The update process of the
rigid transformation applying using (Rk−1, tk−1) to esti-
mate (Rk, tk) to minimize the distance of point clouds until
convergence.

In iteration k, the error distribution can be measured by
MKC. It can be obtain:

(Rk, tk) = argmax
R,t

J(e) =
1

N

N∑
i=1

M∑
j=1

λj√
2π ∗ σj

exp(−
(ei − cj)

2

2σj
2

).

(12)

How to determine the free parameters λ =
[λ1, λ2, . . . , λM ]T , c = [c1, c2, . . . , cM ]T , and
σ = [σ1, σ2, . . . , σM ]T is studied in (Chen et al. 2021).

Reduce the number of free variables. This is a complex
multi-objective optimization problem. To reduce the num-
ber of free variables, the partial derivative of the error with
respect to t is given by:

∂J(e))

∂t
=

1

N

N∑
i=1

M∑
j=1

wij(Rxi + t− yi) (13)
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where

wij =


λj(cj−ei)√

2πσ3
j

exp(
−(ei−cj)

2

2σj
2 ) ∗ m1

di
, others ;

λjηi(cj−ei)√
2πσ3

j

exp(
−(ei−cj)

2

2σj
2 ), di ∈ [|ri1 − ri2|, ri1 + ri2].

(14)
and ηi is a constant related to the radii and distance between
the two granular balls. For more details, please refer to the
supplementary materials.

Let ∂J(e)
∂t = 0, then it can be deduced:

tk =

∑N
i=1

∑M
j=1 wij(yi − Rxi)

W
(15)

where W =
∑N

i=1

∑M
j=1 wij .

Substituting t in (12), It follows that:

argmax
R

J(e) =
1

N

N∑
i=1

M∑
j=1

λj√
2π ∗ σj

exp(
−(m1 ∗ Dil + m2 ∗ Dio − cj)

2

2σj
2

),

(16)
To simplify (16), letpi = xi −

∑N
i=1

∑M
j=1 wijxi

W

qi = yi −
∑N

i=1

∑M
j=1 wijyi

W
.

(17)

Following this, Dil = ∥Rpi − qi∥2. Substituting t in Dio
directly is complex when di ∈ (|ri1−ri2|, ri1+ri2), then we
can multiply the numerator and denominator by ∥Rpi−qi∥2,
then Dio = zi∥Rpi − qi∥2, where

zi =
4
3
max(ri1, ri2)

3

(hi1
2(ri1 − hi1

3
) + hi2

2(ri2 − hi2
3
))∥Rpi − qi∥2

(18)

Then it can be deducted:

Dio =


0, d > ri1 + ri2;

zi∥Rpi − qi∥2, |ri1 − ri2| <= di <= ri1 + ri2;
max(ri1,ri2)

3

min(ri1,ri2)
3 , di < |ri1 − ri2|

(19)
For simplicity, let m2 ← m2 ∗ zi when |ri1 − ri2| <=
di <= ri1 + ri2. Then

J(e) =
1

N

N∑
i=1

M∑
j=1

λj√
2π ∗ σj

exp(− (ai∥Rpi − qi∥2 + bj)
2

2σj
2

),

(20)
where

ai =

{
m1, other;

m1 +m2, |ri1 − ri2| <= di <= ri1 + ri2.

bj =

{
−cj , other;

m2 ∗ max(ri1,ri2)
3

min(ri1,ri2)
3 − cj , d <= |ri1 − ri2|.

(21)

Transform the nonlinear problem into a linear one. The
half-quadratic technique is introduced to solve the nonlinear
optimization problem (20). We can derive following propo-
sition by convex conjugate functions (Rockafellar 2015):

suppose g(x) ≜ exp(−x2/2σ2), there exits a convex con-
jugated function ϕ such that

g(x) = argmax
u
′

(u
′ ∥x∥22
σ2

− ϕ(u
′
)). (22)

Defined:

Sij = ai∥Rpi − qi∥2 + bi, g(sij) = exp

(
−||sij ||22

2σ2
j

)
. (23)

The conjugate function of g(.) is:

g(sij) = uij
(ai∥Rpi − qi∥2 + bj)

2

σ2
j

− ϕ(uij), (24)

where uij = − exp
(
−ai∥Rpi−qi∥2+bj

σ2
j

)
In the k-th iteration, using Rk−1 to compute uij .
Thus,

g(sij) =
uij

σ2
j

a2
i ||Rpi − qi||22 +

uij

σ2
j

(lij + b2j )− ϕ(uij), (25)

where lij = 2aibj ||Rk−1pi− qi||2 and the second and third
terms are constants. Thus, It can be derived:

argmax
R

J(e) =
1

N

N∑
i=1

M∑
j=1

λj√
2πσj

uij

σ2
j

a
2
i (p

T
i pi + q

T
i qi − 2q

T
i Rpi)

(26)
the pTi pi + qTi qi can be seen as a constant, and setting

uij ← λj√
2πσj

uij

σ2
j
a2i , it follows that:

argmax
R

J(e) = argmin
R

1

N

N∑
i=1

viq
T
i Rpi, (27)

where vi =
∑M

j=1 uij . Let VN×N = diag(vi), QN×3 =

[qT1 , q
T
2 , . . . , q

T
N ]T , and P3×N = [p1, p2, . . . , pN ]. Thus,

argmax
R

J(e) = −tr(V QRP ) = −tr(RH), (28)

where H = PV Q.

Resolve R by SVD. The matrix R must fulfill two condi-
tions: RRT = I and det(R) = 1. The I represents the iden-
tity matrix, and det(.) is determinant operator. To address
the objective function, the Lagrange multiplier technique is
utilized. The Lagrange function is defined as

L(R,K, η) = −tr(RH) + tr(K(RRT − I)) + η(det(R)− 1),
(29)

where K is an N ×N matrix and η is a constant. By com-
puting the partial derivatives of L, we obtain:

∂L

∂R
= −HT + 2RK + ηR = 0, (30)

∂L

∂K
= RRT − I = 0, (31)

∂L

∂η
= det(R)− 1 = 0. (32)

Letting L′ = 2K + ηI , the above equation implies:

RL′ = HT . (33)

Transposing both sides yields:

L′TRT = H. (34)

Multiplying (33) and (34), we derive:

L′TL′ = L′2 = HHT . (35)
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Applying singular value decomposition to H , we have:

H = UΛV. (36)

In this scenario, U and V are orthonormal matrices, while
Λ is a diagonal matrix with non-negative eigenvalues sorted
in descending order. Rewriting the previous equation gives:

L′2 = UΛ2UT . (37)

To satisfy equation (37), we construct L′ = UΛDUT ,
where D = diag(di) and di can be either 1 or -1. This results
in:

det(L′) = det(Λ) det(D). (38)

Simultaneously, from the earlier equation, we know:

det(L′) = det(R) det(H) = det(H). (39)

By comparing the two, we find:

det(H) = det(Λ) det(D). (40)

Thus, if det(H) > 0, then det(D) > 0.{
d1 = d2 = · · · = df = −1, if f is even;
d1 = d2 = · · · = df−1 = −1, df = 1, if sf is odd.

Where f denotes the dimension of D. Conversely, if
det(H) < 0, then det(D) < 0, hence{

d1 = d2 = · · · = df = −1, if f is odd;
d1 = d2 = · · · = ds−1 = −1, df = 1, if f is even.

Finally, substituting L′−1 = (UΛDUT )−1 =
UΛ−1D−1UT into the equation (33), the rotation for the
k-th iteration is given by

Rk = HTL′−1 = (V ΛUT )(UΛ−1D−1UT ) = V DUT . (41)

Thus, Rk can be calculated. Updating tk with Rk, we get

tk =

∑N
i=1

∑M
j=1 wij(yi −Rkxi)

W
(42)

Experiments
Experimental Settings
Compared methods and evaluation metrics. The
GRICP was compared with various ICP variants, including
standard ICP (Besl and McKay 1992), Sparse ICP (Bouaziz,
Tagliasacchi, and Pauly 2013), AA ICP (Rusinkiewicz
2019), Fast ICP (Zhang, Yao, and Deng 2021), Robust
ICP (Zhang, Yao, and Deng 2021), Go ICP (Yang et al.
2015), and FGR (Zhou, Park, and Koltun 2016). Rotation
error (RE) and translation error (TE) were computed to
quantify the performance of each algorithm across different
scenarios.

The computation of RE and TE is performed as

RE(R̂) = arccos
Tr(R̂TR∗)− 1

2
,

TE(t̂) = ∥t̂− t∗∥2,
(43)

where R̂ and t̂ is the transformation computed, R∗ and t∗ is
ground-truth rotation and translation.

Method 100° 120° 150° 180°
RE TE RE TE RE TE RE TE

ICP 3.064 0.302 3.049 0.305 3.050 0.293 3.009 0.148
AAICP 2.587 0.291 2.772 0.302 3.051 0.278 3.136 0.152
FICP 3.055 0.302 3.049 0.305 3.050 0.293 3.009 0.148
RICP 3.114 0.297 3.132 0.298 3.135 0.257 3.133 0.133
SICP 2.516 0.156 2.936 0.152 2.510 0.091 3.120 0.206

GoICP 0.031 0.011 0.082 0.016 0.012 0.013 0.005 0.014
FGR 0.804 0.058 0.324 0.069 0.767 0.076 1.050 0.174

Ours 0.008 0.002 0.006 0.003 0.036 0.017 0.001 0.019

Table 1: Registration Results under large rotational offsets
in Stanford 3D Scanning Repository and 3DMatch.

Datasets. The experiments utilized two primary dataset-
s: synthetic data from the Stanford 3D Scanning Repository
(Levoy et al. 2005) like bunny, dragon and real data from
3DMatch (Zeng et al. 2017) like BA, cloud bin. To com-
prehensively evaluate performance, the experimental design
covered multiple scenarios, including large-scale rotational
offsets, partial overlaps, and Gaussian noise.

Implementation details. We set the granular ball splitting
parameter ρ to 0.78, and the outlier rejection parameters τ1
and τ2 to 0.1. The weights for the correspondence distance,
m1 and m2, are set to 0.9 and 0.1, respectively. The model
is executed on an Intel® Core i5-10300H CPU @ 2.50GHz.

Datasets FPFH GB

3DMatch(no noise) 0.4196 0.3848
3DMatch(10% noise) 0.2897 0.3536
3DMatch(20% noise) 0.2124 0.3218
3DMatch(30% noise) 0.1833 0.2825
3DMatch(50% noise) 0.1378 0.2385
3DScanRepo(no noise) 0.7489 0.7113
3DScanRepo(10% noise) 0.6992 0.6915
3DScanRepo(20% noise) 0.6879 0.6884
3DScanRepo(30% noise) 0.6526 0.6716
3DScanRepo(50% noise) 0.6027 0.6346

Table 2: Precision comparison of GB and FPFH in generat-
ing correspondences

Comparison Evaluation
According to (Li et al. 2020), the maximum allowable ro-
tation angle of ICP is 90°. Therefore, for each model, we
evaluated the performance under rotational offsets of 100°,
120°, 150°, and 180°. From Table 1, it can be observed that
our method achieves good performance in terms of registra-
tion with large rotation offsets.

For partial overlap environment, we conducted experi-
ments on the Stanford 3D Scanning Repository with four
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Input GRICP Go ICP FGR ICP AA-ICP Fast ICP Robust ICP Sparse ICP

Figure 7: Registration results Compared with other methods.

Method 60% overlap 70% overlap 80% overlap 90% overlap
RE TE RE TE RE TE RE TE

ICP 2.778 0.179 2.748 0.165 2.773 0.147 2.750 0.163
AAICP 3.061 0.160 2.876 0.150 2.914 0.122 2.971 0.138
FICP 2.778 0.179 2.748 0.164 2.773 0.147 2.750 0.163
RICP 2.852 0.247 2.782 0.151 2.782 0.176 2.714 0.158
SICP 3.058 0.183 3.092 0.119 3.073 0.135 3.134 0.131

GoICP 2.104 0.558 2.962 0.413 0.031 0.022 0.030 0.016
FGR 1.744 0.169 1.743 0.164 1.744 0.163 1.743 0.163

Ours 0.412 0.125 0.308 0.145 0.143 0.015 0.030 0.015

Table 3: Registration Results with Partial Overlap on Stan-
ford 3D Scanning Repository.

overlap rates: 60%, 70%, 80%, and 90%. From the Table 3,
one can see that our method can obtain the lowest error.

Method 10% noise 20% noise 30% noise 50% noise
RE TE RE TE RE TE RE TE

ICP 0.349 0.158 2.907 0.145 2.948 0.154 2.976 0.158
AAICP 0.624 0.151 2.713 0.150 2.679 0.148 2.179 0.162
FICP 0.623 0.151 2.712 0.151 2.652 0.141 2.187 0.168
RICP 0.349 0.158 3.101 0.139 3.087 0.149 2.848 0.128
SICP 2.253 0.167 1.413 0.166 1.650 0.169 1.916 0.167

GoICP 0.185 0.159 0.476 0.158 2.882 0.173 1.979 0.201
FGR 1.606 0.600 0.208 0.052 0.062 0.146 0.176 0.127

Ours 0.287 0.150 0.101 0.046 0.044 0.162 0.238 0.124

Table 4: Registration Results under Gaussian Noise on 3D-
Match.

To demonstrate the robustness of GRICP, we explored the
registration results on 3DMatch by adding 10%, 20%, 30%,
and 50% Gaussian noise which standard deviations are 0.01,
0.02, 0.03, and 0.05. As shown in Table 4, GRICP can with-
stand different degrees of noise.

In contrast, Go ICP performs poorly when there is a high
level of noise due to that the shape of the point cloud be-
comes blurred.

Sensitivity Study on the Hyperparameters of GB
In this section, we examine the impact of outlier rejection
parameters τ1 and τ2 on registration results. From Fig. 8,

(a) (b)

Figure 8: Sensitivity Analysis of Outlier Rejection Parame-
ters.(a): BA model. (b): Bunny model.

Datasets GRICP GOICP FGR ICP AAICP FICP RICP SICP
3DScanRepo 0.10 4.21 0.61 0.003 0.002 0.007 0.009 0.008
3DMatch 2.86 599.08 534 0.072 0.058 0.127 0.150 0.087

Table 5: Comparison of run time (in seconds).

the results indicate that using both radius and overlap ratio
for outlier rejection greatly eliminates most incorrect cor-
respondences. Moreover, this outlier removal strategy does
not exhibit notable sensitivity to the values of τ1 and τ2.
When these two parameters are within the range [0.01-0.5],
the number of correspondences does not change noticeably.

In Table 2, we compared the performance of the Gran-
ular Ball (GB) method and Fast Point Feature Histogram
(FPFH) (Rusu, Blodow, and Beetz 2009) in generating cor-
respondences. FPFH excels in producing high-quality cor-
respondences under noise-free conditions but is sensitive to
noise. In contrast, the GB method demonstrates robustness
to noise. Table 5 shows the efficiency of GRICP compared
with GO ICP and FGR.

Conclusion
We propose a global and robust ICP framework called
GRICP. The GRICP convert point clouds into granular ball
clouds, applying the coarse features of these granular ball-
s for removing outliers. MKC is introduced as the loss
function to evaluate the error distribution, with the goal of
achieving the global optimum. To showcase the performance
of GRICP, we performed thorough experiments on both syn-
thetic and real datasets under three different scenarios: large-
scale rotation, partial overlap, and Gaussian noise. The re-
sults demonstrate the effectiveness of GRICP in complex
registration scenarios. Moreover, hyperparameter analysis
confirms that GRICP shows generalization capabilities.
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