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Abstract— This work focuses on proposing a new method to
register two point cloud datasets (Source and Target point
cloud datasets), which are affected by non-Gaussian noise (shot
noises at random locations in the data points). We begin by
introducing the idea of Correntropy and its usage in registering
two point cloud datasets. After the introduction of Correntropy,
we propose the fusion of Correntropy with the Iterative Closest
Point (ICP) to create the Correntropy ICP (CICP) algorithm
for handling scenarios where the raw point cloud data gets
affected by non-Gaussian noise. One of the serious problems
in the traditional ICP is that the registration results in poor
estimation of transformation (rotation and translation) between
the Source and Target datasets when the Source is affected by
non-Gaussian noise. Our proposed CICP approach attempts
to handle this situation. To demonstrate our approach, we
inject non-Gaussian noise to the Source dataset, and through
comparison with the traditional ICP, we evaluate our CICP
approach and show its performance vs. the ICP.
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I. I NTRODUCTION
Registering two point clouds is a significant component in
modern computer vision systems and is an active area of
research. Registration is the process of aligning two point
cloud datasets of the same scene, which are separated by a
certain transformation (rotation and translation). The problem
of registration can be explained as finding the transformation
between two point clouds such as the relative error between
the 2 point sets is minimized. The problem of registration can
also be a significant component in Simultaneous Localization and Mapping (SLAM) and other visual data matching
algorithms [1]. The relative transformation computed from
2 point clouds acquired at close time intervals from a 3D
sensor can be used to compute the overall trajectory of a
system. SLAM has evolved rapidly over the past decade with
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numerous algorithms that use data from multiple sensors to
estimate the state of a system. Modern SLAM algorithms are
mostly based on visual data and geometric data of surrounding environment, which can be extracted from sensors like
cameras, Lidar, etc. [1], [2].
Early approaches for 3D point cloud registration can be
attributed to Besl and Kay [3], [4] and Arun et.al [3],
which involves computing the centroid for both Source and
Target dataset. Each point from both the datasets is subtracted from their respective centroids and later on, Singular
Value decomposition (SVD) is used to compute the rotation
component. This procedure is performed iteratively until the
relative mean square error between the point cloud datasets
is minimized, and hence it is termed as the Iterative Closest
Point (ICP) Algorithm. Since then variants of ICP have been
introduced, a point-to-plane variant of ICP operates on taking
advantage of surface normal information [5]. Instead of
minimizing the root mean square of the individual points as
done in the generalized version of the ICP, the point to plane
algorithm minimizes error along the surface normal [6]–[9].
Despite the various advances in the registration methodologies, there has been very little research work done concerning
the situation where the raw point cloud data is noisy. If
the noise is Gaussian, we can remove most of it in the
data. However, when the noise is non-Gaussian (e.g. shot
noises), it becomes difficult to resolve. So it is important to
address the problem of handling non-Gaussian noise. In the
traditional ICP algorithm if any of the point cloud dataset
(Source or Target) is affected by non-gaussian noise, the
ICP fails drastically and affects the overall transformation
estimation of the point clouds. In this work, we show through
basic examples on how the addition of non-Gaussian noise
can affect the traditional ICP.
For handling non-Gaussian noise or shot noise we propose
a Coorrentropy Iterative Closest Point (CICP) algorithm.
In our approach, we inject the raw data of the Source
dataset with random false values and through comparison
with the traditional ICP, we evaluate how well our approach
can estimate the transformation with the Target dataset. In
situation like this we show how the traditional ICP is bound
to fail, leading it to false transformation. Handling shot-noise
or the non-Gaussian noise vectors is a critical component for
better transformation estimation and is the driving force for
our work.
The idea of correntropy has seen wide spread use in modern

machine learning, signal processing and other related fields
[10]. Correntropy is a similarity measure between 2 random
variables and has been implemented with the traditional
Kalman filter [11]. Inspired from this correntropy concept,
we fuse it with the ICP algorithm, called correntropy ICP or
CICP. Our main contribution to this work can be summarized
as:
•
•

•
•

(a)

Introducing the idea of correntropy, which explains the
similarity between 2 random variables.
Incorporating the idea of correntropy into the ICP
algorithm where we explain how correntropy can be
used in the ICP algorithm.
Formulating CICP - where we provide a formulation of
our CICP algorithm.
Introducing random shot nose or non-Gaussian vectors
in the raw source dataset and through comparison
with the traditional ICP, we evaluate how well our
CICP algorithm estimates the transformation between
the Source and the Target datasets.

(b)

The remaining paper is organized as follows: Section II introduces the idea of correntropy and its underlying concepts.
Section III describes our implementation of the proposed
methodology. The results and evaluation of our proposed
methodology is discussed in Section IV. Conclusions are
given in Section V.
II. C ORRENTROPY C RITERION
1) Correntropy: We begin by describing the mathematical
representation of point cloud data and develop our algorithm
based on it. We denote the source point cloud as Ps and
the Target point cloud as Pt . The points in the point
cloud Ps contains N points in which each point can be
referenced as pj , where j = 1, ..., N and pj = {xj , yj , zj },
where xj , yj , zj denotes the 3D coordinates of the point
pj . Similarly, the points in the point cloud Pt contains
N points in which each point can be represented as qk
where k = 1, ..., N and qk = {xk , yk , zk }, where xk , yk , zk
denotes the 3D coordinates of the point qk . Figure 1 shows
a brief description of the point clouds and Table I denotes
the mathematical notations used throughout this work.
We use the correntropy concept between the Source point
cloud and the Target point cloud. Again, the primary purpose is to highlight the significance of correntropy ICP as
compared to ICP when the raw Source point cloud data
gets affected by non-Gaussian noise. Correntropy has proved
beneficial to remove large outliers [10]. Correntropy is essentially a similarity measure of two random variables. We use
the correntropy concept between the Source and the Target
point clouds. In this scenario, we are measuring the similarity
between 2 points pj and qk from the point clouds Ps and
Pt , respectively. Then the correntropy criterion between the
2 points pj and qk can be mathematically represented as :
Vσ (pj , qk ) = E[κσ (pj − qk )].

(1)

Fig. 1: (a) Source point cloud Ps (bunny rabbit). Ps contains
N points pj , each of which is a 3D representation xj , yj , zj .
(b) Rotated and translated (Transformed) Target point cloud
Pt . Pt contains N points qk , each of which is a 3D
representation xk , yk , zk . (Green is the Source point cloud
and blue is the transformed point cloud or Target point
cloud).

Equ. (1) also refers to in common literature as a crosscorrentropy of two random variables [11]–[13]. In Equ. (1),
E[.] refers to the expectation of the variable, and κσ denotes
the kernel function. We can manually choose the size of
the kernel function (also referred as bandwidth σ). In our
approach, we use the Gaussian kernel function where we
define the correntropy function as:
Vσ (pj , qk ) =

N
1 X
Gσ (pj − qk ),
N i=1

(2)

TABLE I: Variables and it’s usages
Variables
Ps
Pt
N
j, k
pj
qk
Gσ
R
tr
ε2
s
cn (u)
dn (v)

Usages
Source Point Cloud Set.
Target Point Cloud Set.
Total number of points in point clouds Ps and Pt .
Index of every point in point cloud where j, k = 1, .., N .
Individual 3D point (xj , yj , zj ) in a point cloud Ps , or pj ∈ Ps .
Individual 3D point (xk , yk , zk ) in a point cloud Pt , or qk ∈ Pt .
Gaussian kernel function with bandwidth σ.
Rotation matrix.
Translation vector.
Root mean square error.
Scaling factor.
Corresponding points in the Source dataset.
Corresponding points in the Target dataset.

From Equ.(2),
2

kpj − qk k
),
(3)
2σ 2
and σ is the bandwidth or the kernel size of the Gaussian
kernel. From Equ. (3) it becomes evident that if pj =
qk Gaussian correntropy is maximum, and the Gaussian
correntropy function is positive and bounded [11]–[13].
Gσ (pj − qk ) = exp(−

function Gσ approaches to 1. On the contrary, when the
difference is large, the Gaussian kernel function approaches
0. This essentially means that when the data point qk , which
could be a potentially changed data point, is far varied from
pj then the Gaussian kernel signifies that the points pj and
qk are not similar. Intuitively, this similarity is dependent on
the value of σ. This technique allows us to reject the faulty
data point (shot noise or non-Gaussian noise) qk . This idea
of calculating the maximum similarity as given in Equ. (3)
is called the maximum correntropy criterion.
When the value of qk approaches ∞ then the kernel function
approaches 0, i.e.,
lim Gσ = 0.

qk →∞

(4)

Intuitively, when the Gaussian Kernel shrinks to 0, the
correntropy approaches the value p(pj = qk ) [14].
III. P ROPOSED CICP M ETHOD

Fig. 2: Correntropy Criterion. Here, when the difference
between the points (pj − qk ) is small, i..e., when they are
similar, and the Gaussian kernel function Gσ approaches to
1. On the contrary, when the difference is large, the Gaussian
kernel function approaches to 0.
Fig. 2 shows the basic understanding of correntropy criterion.
We can see that when the difference between the points (pj −
qk ) is small, i.e., they are similar, and the Gaussian kernel

1) Correntropy with Iterative Closest Point Algorithm:
Given the general description of the correntropy concept in
the previous section, we extend this idea of correntropy to
the well known ICP algorithm. By exploring the idea of
correntropy in relation to the ICP algorithm, we see how
the correntropy criterion can be used to handle non-Gaussian
noise present in a raw point cloud dataset. Traditional ICP
[3] describes the alignment of 2 point clouds so that the
Mean Square Error (MSE) between the 2 point sets is
minimized. The MSE is the key criterion in ICP and its
variants. Traditionally, the idea of ICP revolves around the
problem of aligning 2 points sets Ps and Pt . We denote
(here {} denotes a
the 2 point sets as Ps = [pj ]N
j=1
point set) and Pt = [qk ]N
,
respectively.
Our goal is
k=1
to best align the Source point set Ps to the Target point
set (or a model point set) Pt . This leads to finding the
appropriate rotation and translation between the two point
sets, which essentially means how much units the Source
dataset needs to be translated (tr) and rotated (R) such
that Source point set Ps is best aligned with Pt given that
it satisfies a particular criterion (Root Mean Square Error

(RMSE) threshold. This process is commonly known as the
registration. So, the registration between the Source Ps and
the Target Pt is defined as finding the translation tr and the
rotation R component such that Ps is in best alignment with
Pt . In our scenario we introduce shot noises or non-Gaussian
noise in the Source point set Ps to illustrate the importance
of correntropy. A random noise vector a = [a1 , a2 , a3 , ..., al ]
is introduced in the Source dataset Ps , where l is the number
of data points in the point cloud dataset we want to change
(alter their orignal raw values). a is a collection of random
values generated from normal distribution. We then select
random data points in the Source dataset Ps and add the
values of a to the original Source data points. In essence,
if we select randomly k data points then the resulting data
points in the point cloud Ps becomes Ps = Ps + ρa. Now,
if ρ = 0, no noise is introduced and if ρ = 1, noise is
introduced. For the rest of the mathematical formulation we
assume that the Source point set Ps is ’infected’ with noise
vector a, i.e., Ps = Ps + ρa where ρ = 1. Now, in relation
to correntropy, the problem can be equivalently formulated
as:
max

s,R,tr

N
X

2

exp(− kqk − (sRpj + tr)k /2σ 2 ),

then from Equ. (9) we

Ñ
1 X
exp(X)(dn (v) − (sRcn (u) + tr)) = 0. (10)
Ñ σ 2 u,v=1

Then from Equ. (10) we can find tr as
tr∗ =

Ñ
1 X
(dn (v) − sRcn (u))
N u,v=1

(11)

Now, the centroid for each point set can be computed as,
PÑ
u,v=1 Gσ (en )cn (u)
pcenn ∼ cn (u) −
,
(12)
PÑ
G
(e
)
σ
n
u,v=1
PÑ
qcenn ∼ dn (v) −

u,v=1

Gσ (en )dn (v)

PÑ

u,v=1

,

(13)

Gσ (en )

where en = dn (v) − sRcn (u). Now the rotation matrix, R,
can be calculated by computing the singular value decomposition (SVD) of a matrix H where,
H=

where σ is the bandwidth of the given Gaussian kernel, which
can be user defined and s is the scaling factor which we
assume it to be 1 in our case. We iteratively perform this
procedure in order to minimize the error between the 2 point
clouds. For every iteration n in CICP, firstly, we use the
nearest neighbour search to compute the closest point in one
set to every other point in other set. Let cn (u) be the set of
point in the Source point set which is closest to the Target
point set. Similarly, let dn (v) be the set of points in the
Target point set, which is closest to the Source point set. Both
the vectors cn (u) and dn (v) can be computed as follows:

dn (v) =

−kdn (v)−(sRcn (u)+tr)k2
,
2σ 2

(5)

j,k=1

cn (u) =

Let X =
have:

Ñ
X

pcenn Gσ (en )q

0

cenn .

(14)

u,v=1

min

(Rn−1 pu + trn−1 − qv )

(6)

where 0 is the transpose, and it is very similar to the well
known algorithm given by [3]. Computing the SVD of H
we get 3 components: V,U and D, where V is a m × m
real or complex matrix, D is a m × n diagonal matrix, and
U is an n × n real or complex matrix [3]. Now, R = UV0 .
If the determinant of R = 1 then R = UV0 else it is an
invalid rotation. Then tr can be calculated from Equ. 11.
This process is iterated and the rotation and the translation
is updated until the error ε2 reaches a certain user defined
threshold. The Rotation R and the translation tr, forms the
transformation matrix Mt .

min

(Rn−1 qv + trn−1 − pu ).

(7)

The CICP algorithm can be described in steps as mentioned
in Algorithm 1.

u,v∈{1,2,...,N }
u,v∈{1,2,...,N }

Intuitively, cn (u) and dn (v) represent the point correspondences in both the point dataset, respectively, and let the total
number of corresponding data points in both the datasets be
Ñ . min returns the relative minimum distance between the
vector points. Incorporating correntropy, the rotation and the
translation components can be computed as,

IV. R ESULTS

∂F (R, tr)
= 0.
∂tr

(it appears to give a constant RMSE after multiple iterations).

Through simple datasets [15] we demonstrate how well the
CICP algorithm performs better than the ICP algorithm in
case the source dataset Ps is corrupted by non-Gaussian
noise. We also see how the different values of σ in the
Gaussian kernel can affect the CICP registration results. In
this experiment we use two sample point clouds: a bunny
Ñ
2
X
− kdn (v) − (sRcn (u) + tr)k rabbit (Fig. 3-a) and a buddha (Fig. 4-a).
),
F (R, tr) = (1/Ñ )
exp(
2σ 2
u,v=1
We compare both the ICP and the CICP registration results
(8) on the bunny rabbit point clouds, and we see that ICP does
Taking spatial derivative along tr and equating it to 0 we not improve the registration results (improving RMSE) in
can calculate the translation vector tr as,
the presence of noise vectors even after multiple iterations
(9)

We then evaluate the CICP registration results (RMSE) under
different values of σ. Based on the nature of noise, we can
tune the value of σ to give better registration results. In Table

Algorithm 1: CICP Algorithm
1:
2:
3:
4:
5:
6:
7:
8:
9:
10:
11:

12:
13:

(a)

N
→
− {pj }j=1
N
→
− {qk }k=1

Source point cloud (Ps )
Target Point Cloud (Pt )
Initialize R0 = I for k = 0.
for n = 1, 2, ....K do
Compute the corresponding points cn (u) and dn (v)
from Equ. (6) and Equ. (7).
Compute en = dn (v) − sRcn (u) to be used in the
Gaussian kernel.
Compute centroid pcenn and qcenn from Equ. (12)
and Equ. (13), respectively .
Compute the rotation matrix R from Equ. (14).
Compute translation parameter tr∗ from Equ. (11)
Compute the Mean Square Error (MSE) ε2 .
Create empty transformation matrix M, which is
composed of the rotation R and the translation
vector tr∗ .
end for
Return pairwise transformations M calculated by the
CICP algorithm.

II we evaluated multiple values of and compared the results.
In this case we use the bunny point cloud example where
6% of the data points are affected with noise. In CICP we
can tune the value of σ to get variant RMSE. In Table III

(b)

(c)

TABLE II: RMSE comparison of CICP with different values
of sigma under the presence of non-Gaussian noise for bunny
dataset.
Sigma (σ)
2
1
0.1
0.01

RMSE
0.00516
0.0037
0.0039
0.034

iterations
19
23
22
38

we generate multiple noise vectors on the bunny dataset as
mentioned in Section III. Noise vector 1 affects 18% of the
data, Noise vector 2 affects 15% of the data, Noise vector
3 affects 11% of the data, and Noise vector 4 affects 9%
of the data. For CICP we used a constant σ value of 0.05.
From Table III it is evident that CICP algorithm performs
TABLE III: RMSE comparison of ICP under the presence
of non-Gaussian noise for bunny dataset.
Noise vectors
Noise vector 1
Noise vector 2
Noise vector 3
Noise vector 4

RMSE (ICP)
0.0667
0.0429
0.0390
0.0234

RMSE (CICP)
0.00913
0.00851
0.00801
0.00768

better than the traditional ICP algorithm in presence of nonGaussian noise.
On the buddha point cloud dataset (Fig. 4) we perform CICP

Fig. 3: (a) Rotated and translated point cloud (white is the
original point cloud(Target), and green is the transformed
point cloud (Source)) with zero rotation and translation of
0.04 unit in the z-axis). Source is injected with noise vectors
at random data points (6% of the data points are affected.)
(b) CICP registration result with RMSE of 0.00516. (c) ICP
registration result with RMSE of 0.0821
on the noisy Source dataset. In this case we set the value of
σ to be 0.01. We introduce attack vectors, which affects 6%
of the Source point cloud data. We compare both the ICP
and the CICP registration results, and we see that ICP does
not improve the registration results (improving RMSE) in the
presence of noise vectors even after multiple iterations.
V. C ONCLUSIONS
In this work, we have proposed a novel Correntropy Iterative
Closest Point (CICP) algorithm. We have shown how the
proposed CICP performs better than the traditional ICP in
response to noise vectors. To evaluate our approach we use

(a)

be focusing on using raw Lidar data points and introducing
noise into them. We plan to use the idea of Correntropy to
find the similarity between the Lidar point clouds acquired
over a period of time and then computing the relative
transformation between the point clouds.
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