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Abstract— This paper presents a spectral domain
registration-based visual servoing scheme that works on
3D point clouds. Specifically, we propose a 3D model/point
cloud alignment method, which works by finding a global
transformation between reference and target point clouds
using spectral analysis. A 3D Fast Fourier Transform (FFT) in
R3 is used for the translation estimation, and the real spherical
harmonics in SO(3) are used for the rotations estimation.
Such an approach allows us to derive a decoupled 6 degrees
of freedom (DoF) controller, where we use gradient ascent
optimisation to minimise translation and rotational costs. We
then show how this methodology can be used to regulate a
robot arm to perform a positioning task. In contrast to the
existing state-of-the-art depth-based visual servoing methods
that either require dense depth maps or dense point clouds, our
method works well with partial point clouds and can effectively
handle larger transformations between the reference and the
target positions. Furthermore, the use of spectral data (instead
of spatial data) for transformation estimation makes our
method robust to sensor-induced noise and partial occlusions.
We validate our approach by performing experiments using
point clouds acquired by a robot-mounted depth camera.
Obtained results demonstrate the effectiveness of our visual
servoing approach.

I. INTRODUCTION

The last three decades have seen a growing focus on visual
servoing methods to perform robotic tasks in various sec-
tors, e.g., industry, defence, autonomous vehicles, aerospace,
medicine etc. Visual servoing refers to the dynamic control of
systems using continuous visual feedback. Consequently, the
key components of a classical visual servoing controller are
feature extraction, matching, and tracking over time using
images. Nevertheless, the feasibility and effectiveness of
classical visual servoing are closely correlated with that of
visual tracking methods, whose performance is a concern
with low-textured images that do not have distinguishable
geometric shapes.

Recently, advanced visual servoing methods emerged that
allow avoiding visual tracking by directly using global image
information for error regulation in the control loop. These
approaches are referred to as direct visual servoing methods
[1]. Accordingly, different types of global image information
have been investigated in the literature such as image-
intensity [2], [3], spatio-temporal gradients [4], histograms
[5], mutual information [6], Gaussian mixtures [7] etc. More
recently, authors proposed to model time-frequency image
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Fig. 1. Illustration of the model alignment process with our proposed
approach for 3 different objects: (top) apple; (middle) mug; and (bottom)
gas knob. Red point cloud is the reference model, gray ones are intermediate
candidates during the convergence, green is the target scene point cloud and
blue is the final aligned model with the target. The gray trajectory curves
indicate the model convergence.

information such as wavelets [8] and shearlets [9] instead
of the spatio-temporal image information. However, direct
methods clearly exhibit narrower convergence domains com-
pared to the traditional visual servoing schemes. To tackle
this problem, some works have used spectral domain visual
features. These features are proved to be robust to noise and
are used for many computer vision and robotics applications
like image correlation [10], range data registration [11],
robotic grasping [12] etc. In [13], Discrete Cosine Transform
(DCT) coefficients have been explored for direct visual
servoing and in [14], [15], Fourier shift property has been
used to design a decoupled visual controller.

Most of the aforementioned state of the art on visual
servoing is based on 2D image information and the literature
using 3D data for visual servoing, e.g., depth maps or point
clouds, is very much limited. Very few recent works have
reported such methods [16]–[18]. A particular advantage of
using 3D data over 2D images is that they are well-suited
for complex environments, i.e., texture-less, varying light,
unstructured etc., and avoid computation of complex pose
estimations. A direct visual servoing method based only on
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camera-acquired depth maps is presented in [16]. The control
law minimises the depth error computed using the current
and reference full-depth maps. A similar approach has been
reported in [17] to control the motion of a mobile robot.
Although these methods reported promising results, they
require dense depth data and exhibit limited convergence.
A virtual visual servoing method using a polygon mesh
generated offline from point clouds is presented in [19].
Although point clouds are used in its offline phase, the
method’s main visual controller still uses stereo image pairs
for model matching.

In this paper, we present a spectral domain registration-
based visual servoing scheme using point clouds. Although,
very few works have used spectral information in their
2D visual servoing schemes [13]–[15], [20], there is no
known instance reported in the literature that uses spectrally
transformed point clouds. The main basis of our approach is
the 3D model/point cloud alignment or registration, which
works by finding a global 6 degrees of freedom (DoF)
transformation between the two point clouds corresponding
respectively to a reference model and a target object or
scene. Using spectrally transformed point clouds, translation
is estimated by Fourier analysis whereas rotation is estimated
by spherical correlation. Gradient ascent-based optimization
has then been used to iteratively minimize translation and
rotation costs. Object translations and rotations are con-
sidered independent. This allows us to devise a decoupled
control scheme, which optimizes the two costs separately.
The proposed method uses a 3D fast Fourier transform in
the Cartesian space R3 and real spherical harmonics on the
unit-sphere S2 and the rotation group SO(3) to compute
the gradient of the translation and rotation costs, respectively.
This method can be used for aligning the entire global scene
(direct visual servoing) or a single object model in a simple
or cluttered scene. Example instances of object alignments in
simple scenes are shown in Fig. 1, where a reference model is
being aligned with a (single object) scene point cloud. While
the current or the target scene cloud is captured online by
a scene or robot-mounted depth sensor, the reference cloud
can be a transformed global scene cloud (in case of direct
visual servoing) or can be obtained offline by sampling a
CAD model of the target object or by registering multiple
cloud samples of the object as in [21].

The key contributions of this work are as follows:

• We propose a new spectral domain-based method for
full 3D model alignment, i.e., to estimate global trans-
lation and rotation between two point clouds.

• We propose a new 6-DoF visual servoing scheme that
works directly with dense as well as partial point clouds
represented in the spectral domain.

Our method’s advantages are multi-fold. Unlike the exist-
ing approaches that require dense data, our method can work
effectively with partial point clouds. In comparison to the
state-of-the-art depth-based direct visual servoing schemes,
our method possesses improved convergence domain. The
use of spectral data instead of spatial data makes our method

robust to noise, which is apparent when using real-world
point cloud measurements. Since no colour or intensity
information is required, our method can work well in the case
of texture-less objects and low lighting conditions. Finally,
the proposed method can be used for both aligning an object
model in a densely cluttered scene, and positioning a robot
manipulator in the task space.

II. METHODOLOGY

In this section, we present our proposed 3D spectral
domain visual servoing method. As mentioned earlier, the
main basis of our approach is the model registration schema
using spectrally transformed point clouds. To this extent,
we first introduce the representation used by our method
followed by the concepts of phase correlation in the Cartesian
space and on the unit-sphere. Finally, the derived control law
is presented.

A. Point Cloud Representation

The first step of our 3D visual servoing pipeline is to
represent the points and the surface normals of the point
cloud as a voxel grid and as an Extended Gaussian Image
(EGI), respectively.

1) Points as voxel grid: The discretisation of a point cloud
is a straightforward process. Given a point cloud composed
of N points, a 3D voxel grid of resolution r ∈ R+ can be
constructed. For each point p = (x, y, z) of the point cloud,
the voxel indices of the point pijk = (i, j, k) are computed
as:

i = [x/r] j = [y/r] k = [z/r] (1)

where, the operation [./.] represents integer division, i.e.,
only the integer part of the division is retained.

Let vt : R3 → N3 be the mapping between the Cartesian
coordinates and the voxel indices. The voxel grid function1

ft : R3 → N of a point cloud can be defined as:

ft(p) = ft(x, y, z) = vijk (2)

where, vi,j,k ∈ [0, 1]. Here, vi,j,k = 1 if at least one point
of the point cloud has indices equal to vT (p) = (i, j, k)
and vijk = 0 otherwise. Our method uses a voxel grid with
binary values; however, a voxel grid with real values can
also be used in the same way. The Local Contact Moments
(LoCoMo) metric presented in [22] can be a good candidate
for enhancing the information contained in the voxel grid.

2) Surface normals as Extended Gaussian Image: The
EGI is a popular representation of functions expressed in
the unit-sphere. It has extensively been used in the literature
as a shape descriptor for object surface normals [12], [23]–
[25]. Changing the representation of a surface normal n =
(nx, ny, nz) ∈ R3 from Euclidean to spherical coordinates

1The subscript t indicates that the function is used for translation
estimation, in the same way, the subscript r will be used for functions
related to rotation estimation.
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Fig. 2. EGIs of (top) ”mug” object and (bottom) cluttered scene, which
are represented as point clouds with surface normals (small green arrows).

n = (r, θ, ϕ) using (3), allows expressing the surface normal
on the unit-sphere.

r =
√

n2
x + n2

y + n2
z θ = arctan

√
n2
x + n2

y

nz

ϕ = arctan(
ny

nx
)

(3)

The radial distance r = 1 for all surface normals as they
are unitary vectors. Thus, the set (θ, ϕ) is sufficient to de-
scribe the distribution of surface normals on the unit-sphere.
A discrete representation of the sphere is required to perform
numerical computations. The following discretisation along
the longitude and latitude is used: θj =

π(2j+1)
4B and ϕk = πk

B
, (j, k) ∈ N with the constraint 0 ≤ j, k < 2B and B ∈ N is
the bandwidth. The value of the bandwidth is usually chosen
as a power of 2, meaning that B = 2n, n ∈ N+. The EGI
of the surface normals of a given point cloud can then be
expressed as the function fr : S2 → N:

fr(θ, ϕ) = cr(θj , ϕk) (4)

where, cr ∈ N is the count that represents the number of
surface normals in the point cloud with discrete longitude
and latitude equal to (θj , ϕk). In this case, count values
are used instead of binary values. The advantage is that a
distribution of surface normals on the unit-sphere provides
more information on the geometry of the object compared
to a simple binary distribution. Fig. 2 shows sample EGIs of
an object and a clutter scene represented as point clouds.

B. Translation Estimation via Fourier Analysis on R3

The translation between the target and reference point
clouds is estimated using 3D phase correlation in the spectral
domain with Fourier analysis. The main advantage is that
Fourier analysis-based methods are robust to noisy measure-
ments [11], [15]. The phase correlation method is based

on the Fourier shift property and maps translations in the
Cartesian space to phase shift in the spectral domain.

Let ft : R3 → N be the voxel representation of the point
cloud of an object or a scene. The Fourier coefficients of ft
are computed as:

Ft(u, v, w) =

M−1∑
x=0

N−1∑
y=0

L−1∑
z=0

ft(x, y, z)e
−i2π( u

M x+ v
N y+w

L z)

(5)
where, M,N,L ∈ N+ are the maximum degree of ex-
pansion of the Fourier coefficients in the X , Y , and Z
axes, respectively and (u, v, w) are the frequency domain
coordinates. Suppose the object or scene is translated by
T = (τx, τy, τz) ∈ R3, and let gt : R3 → N be the new
voxel representation of the translated point cloud. Based on
the Fourier shift property, the Fourier coefficients Gt of gt
can be computed by:

Gt(u, v, w) = Ft(u, v, w)e
−i2π( u

M τx+
v
N τy+

w
L τz) (6)

The aim of the translation estimation is to find T given
ft and gt. This can be efficiently done by first computing
the normalized cross-power spectrum Ct of Ft and Gt, and
applying the inverse Fourier transform by (7).

Ct(u, v, w) =
Ft(u, v, w)Gt(u, v, w)

|Ft(u, v, w)Gt(u, v, w)|
δ(τx, τy, τz) = F−1(Ct(u, v, w))

(7)

where, Gt is the complex conjugate of Gt, and F−1 is the
inverse Fourier transform. The result δ is the Dirac delta
function whose peak location corresponds to the translation
T . Therefore, T can be found by maximizing the δ.

T = ∇globT = argmax{δ(τx, τy, τz)} (8)

Even though the global solution ∇globT for the translation
can be found directly, in the context of 3D visual servoing,
only a small step ∇T = λt∇globT , with λt ∈ R+ and λt <
1, will be taken at each iteration. This allows the translation
and rotation to be estimated concurrently, but also to control
the dynamics of the controller. The following cost-function
Jt(T ) can be formulated to evaluate the performance of the
translation estimation algorithm on R3:

Jt(T ) =
1

2
||gt(x)− ft(x+ T )||2 (9)

C. Rotation Estimation via Fourier Analysis on S2

Similarly to the translation, the rotation between the target
and reference point clouds can also be estimated by using
spectral analysis. Here, the unitary representation of signals
expressed on the unit-sphere is used to encode the infor-
mation of the object’s surface normals. The same advantage
as for the translation estimation applies, i.e., robustness to
noise. In this case, we estimate the global rotation via EGI
correlation. It is possible to find the optimal rotation directly
by searching for the rotation maximizing the correlation, but
this involves performing a double integration which can be
computationally expensive. Instead, the analytical gradient
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of the correlation is used to iteratively compute the rotation
that maximizes the correlation.

1) Fourier transform on S2 and SO(3): Let fr : S2 → N
be the EGI of the surface normals of an object. Because fr
has values in N ⊂ R, real harmonic analysis on SO(3),
introduced in [26], can be used to compute the Fourier
parameters. Given a bandwidth B, the Fourier transform of
fr on S2 is expressed as:

fr(θ, ϕ) =

B−1∑
l=0

(F l
r)

TSl(θ, ϕ) (10)

where, F l
r ∈ R(2l+1)×1 are the Fourier parameters and

Sl ∈ R2l+1 are the orthogonal basis for real-value functions
on S2. The vector Sl is constructed from the real spherical
harmonics Y l(θ, ϕ), and a matrix T l ∈ C(2l+1)×(2l+1) of
complex coefficients as:

Sl(θ, ϕ) = T lY l(θ, ϕ) (11)

Refer [26], [27] for more details on spherical harmonics.
Let us suppose that the point cloud is rotated around its

center of mass by a rotation R ∈ SO(3) parameterized by
the ZY Z Euler angles α, γ ∈ [0, 2π[ and β ∈ [0, π], with
gr : S2 → N being the EGI of the rotated point cloud.
Thereby, the rotation matrix R can be expressed as:

R = R(α, β, γ) = exp(αêz) exp(βêy) exp(γêz) (12)

where, ey and ez are the vectors (0, 1, 0) and (0, 0, 1),
respectively. The operator .̂ : R3 → so(3) transforms a
3D vector into its 3× 3 skew-symmetric matrix via the Lie
algebra so(3) = {S ∈ R3×3|S + ST = 0}. Even though
the representation in (12) presents inherent singularities, it
is extremely convenient for the computation of the Fourier
transform on SO(3). Same as in (10), the Fourier transform
of gr is given as:

gr(θ, ϕ) =

B−1∑
l=0

(Gl
r)

TSl(θ, ϕ) (13)

where Gl
r ∈ R(2l+1)×1 are the Fourier parameters.

Considering that gr is a rotated version of fr and thus (14)
holds, the Fourier transform of gr can be computed using the
Fourier parameter of fr by (15).

gr(θ, ϕ) = fr(R
T (θ, ϕ)) (14)

RT (θ, ϕ) is a notation shortcut for the expression
M−1

s2c(R
TMs2c(θ, ϕ)), where Ms2c : S2 → R3 is the

function converting spherical to Cartesian coordinates, and
M−1

s2c : R3 → S2, its inverse can be obtained using (3).
Rewriting (14),

gr(θ, ϕ) =

B−1∑
l=0

(F l
r)

TSl(RT (θ, ϕ))

=

B−1∑
l=0

(U l(R)F l
r)

TSl(θ, ϕ)

(15)

where, U l(R) = T lDl(R)(T l)T . T l is the complex conju-
gate of T l and Dl is the Wigner D-matrix. The expansion
of (15) is possible as rotations are expressed as Wigner
D-Matrices in the spectral domain and applying a rotation
to the basis functions Sl is equivalent to applying a lin-
ear transformation of the basis functions by the equivalent
Wigner D-Matrix. From (13) and (15), it can be noticed
that Gl

r = U l(R)F l
r. Thus, Gl

r is obtained by applying the
transformation U l(R) to the Fourier coefficients of fr. More
details on commonly used properties of the Winger D-matrix
can be found in [26]–[28]. The goal of the rotation estimation
is to find R given fr and gr.

2) Correlation over SO(3) and its derivatives: The cor-
relation of fr and gr on SO(3) is computed as:

Cr(R) = corr(fr, gr) =
1

4π

B−1∑
l=0

(Gl
r)

TU l(R)F l
r (16)

This result is obtained after simplification, by replacing
fr and gr by their Fourier representations expressed in (10)
and (15), using the convolution theorem of the Fourier
transform2, and the orthogonality principle of basis Sl. The
relation ⟨Sl(θ, ϕ), (Sl(RT (θ, ϕ))T )⟩ = 1

4πU
l(R) directly

results from the orthogonality of the basis vectors Sl, where
the operation ⟨.⟩ is the inner product on L2(SO(3)). In (16),
only U l depends on the rotation R, so the derivative of Cr
can be obtained by computing the derivative of U l. The
derivative of U l at R with respect to an elementary rotation
Rϵ = exp(ϵη̂) (ϵ ≈ 0 and η ∈ R3) is computed as:

d

dϵ

∣∣∣∣
ϵ=0

U l(R exp(ϵη̂)) = U l(R)
d

dϵ

∣∣∣∣
ϵ=0

U l(exp(ϵη̂)) (17)

In the previous equation, the homomorphism property of
U l is used, i.e, U l(R1R2) = U l(R1)U

l(R2) for R1, R2 ∈
SO(3). Then, the derivative of Cr is then computed by:

d

dϵ

∣∣∣∣
ϵ=0

Cr(exp(ϵη̂)) =
1

4π

B−1∑
l=0

(Gl
r)

TU l(R)ul(η)F l
r · η

= ∇Cr(R, η) · η
(18)

where, ∇Cr(R, η) ∈ R3 is the gradient of Cr(R) around
the axis η and ul(η) = d

dϵ

∣∣
ϵ=0

U l(exp(ϵη̂)). Evaluating
the gradient ∇Cr(R, η) at η = ex, ey, ez allows finding
the elementary rotation which applied to R increases the
correlation Cr. More formally:

∇Cr(R, ek)|k∈{x,y,z} =
1

4π

B−1∑
l=0

(Gl
r)

TU l(R)ul(ek)F
l
r

(19)
The computation of ul(ek) is straightforward as it is a

direct differentiation of the entries of the Wigner D-matrix
for which an analytic derivative can be computed as in [26].

We can now use a gradient ascent method to iteratively
find the ideal rotation. The following cost-function can

2convolution in the spatial domain is equivalent to the multiplication of
the Fourier coefficients in the spectral domain
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Algorithm 1: 3D spectral domain visual servoing

1 Initialise R to identity
2 Initialise T to zero
3 Initialise the step sizes λt, λr and the tolerance ϵg
4 Compute ft (2), fr (4), Ft (5), F l

r of the target cloud
5 while ||∇globT ||+ ||∇Cr|| >= ϵg do
6 Capture the scene point cloud Compute gt (2), gr

(4), Gt (5), Gl
r of the reference cloud

7 Compute ∇globT (8) and ∇Cr (19)
8 Apply the update rule (21)
9 Compute the cost J = Jt(T ) + Jr(R)

10 Command the robot using (23)
11 end
12 Get final transformation H = (R, T )

be formulated to evaluate the performance of the rotation
estimation algorithm on SO(3):

Jr(R) =
1

2
||gr(θ, ϕ)− fr(R

T (θ, ϕ))||2 (20)

D. Controller

To estimate the transformation H = (R, T ) ∈ SO(3)×R3

between current and reference point clouds, the control law
given in (21) is used.

T = T + λt∇globT

R = R exp (λr∇̂Cr)
(21)

where, λt, λr ∈ R+ and λt, λr < 1. ∇globT and ∇Cr
are computed from (8) and (19), respectively. At the first
iteration, R and T can be initialised randomly or set to
identity and zero. The controller converges when

||∇globT ||+ ||∇Cr|| < ϵg (22)

with ϵg ∈ R+ being the tolerance. For commanding the
robot, the following control law is used

q̇ = J +
c Ẋc (23)

with J +
c being the robot Jacobian pseudoinverse expressed

in the camera frame, q̇ the vector of robot joint velocities and
Ẋc the camera velocities, derived from (21). The complete
control algorithm is presented in Alg. 1.

III. EXPERIMENTAL VALIDATIONS

A. Setup Description

Experiments are performed using camera-acquired point
clouds. Two different tests are shown in this work. We first
validate the model alignment process, where a full reference
model of an object is converged onto a scene point cloud.
Next, we show direct visual servoing tests conducted using a
7-axis cobot (KUKA iiwa) fitted with a wrist-mounted depth
camera (Ensenso N35). For this case, the entire point cloud
is used to position the robot at a target location. The point
cloud processing and controller software are developed in
C++ and are executed from a PC running Windows with

Fig. 3. Convergence plots for the (left) mug and (right) gas knob objects
shown in Fig. 1.

Intel i7 4 core CPU with 2.9 GHz frequency. Point cloud
library (PCL) [29] is used for point cloud processing, and
FFTSO3 [26] and FFTW [30] libraries are used for spectral
analysis.

As mentioned earlier in Sec. I, the reference object point
cloud for model alignment experiments are built offline by
stitching multiple clouds as in [21]. Note that the point
normals are obtained directly at the time of cloud acquisition.
The point clouds are voxelized with a grid of resolution
8 mm, while the surface normals are discretised on the unit
sphere with a bandwidth of B = 16. The maximum degree
of expansion of the harmonic coefficients on the sphere
is lmax = 32. These values are estimated empirically and
provide good performance in terms of speed and alignment
accuracy. The three main factors that control the convergence
speed of our approach are the voxel grid resolution, the EGI
bandwith, and the parameters λt and λr. Finer grids require
computing higher number of Fourier coefficients, which
in turn slows down the process. With the aforementioned
parameters, on an average, the current processing speed of
our approach is 8.7 ms/iteration.

B. Model Alignment Analysis

The following three different experiments are conducted
validating the model alignment ability of our approach: (C–1)
a full single object model cloud is aligned on to its arbitrarily
transformed version (Fig. 1 and Fig. 3); (C–2) a full model
cloud is aligned on to a partially observed target cloud (Fig.
4); and (C–3) a full model cloud is aligned onto a cluttered
scene of objects (Fig. 5). Note that for all these experiments,
both the reference and target clouds share the same global
frame. Different household objects are used for the tests and
the clutter scenes are built by randomly positioning these
objects as shown in Fig. 5. The result images shown in
Fig. 1, 3, 4, and 5, show sample screenshots during the
alignment process and the evolution of costs and errors. In
case of clutter, evolution of gradients is shown as the target
location, i.e., the true ground truth position, of the object
being matched is not known beforehand. Detailed results can
be seen in the supplementary video.

From the obtained results, it can be seen that the model
clouds are successfully aligned with the target clouds for
all the test cases. The average final convergence costs for
conditions C–1 and C–2, and the average final gradient
change for C–3 are shown in the Table I. This clearly
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Fig. 4. Model alignment analysis in case of a full reference model
being aligned to a partially observed scene. Red, blue and green clouds
respectively represent, reference, aligned and target. Results for two objects
are shown (left) glove and (right) mustard can.

Fig. 5. Model alignment analysis in case of cluttered scenes. (top) The
used clutter scene and alignment for two different objects are shown;
and (bottom) corresponding plots showing the evolution of translation and
rotation gradients during the alignment.

demonstrates the accuracy of our approach in terms of
convergence and model alignment. Furthermore, our method
showcased superior performance in case of the complex
conditions like matching a model to partially observed data
as well as to extremely unstructured (and occluded) scenes
containing a heap of objects. A good convergence and model
alignment are observed even for these complex cases.

C. Robot Positioning Tests: Direct Visual Servoing

For this test, we consider a planar positioning task where
the robot end-effector’s position is controlled in a direct
visual servoing fashion. As stated earlier, the entire point
cloud is used to generate the robot control commands, i.e.,
without using any local model matching. This test has been
performed with a cluttered scene to test the ability of our
approach in case of challenging conditions. For the sake of
demonstration, the reference cloud is acquired at the robot

TABLE I
AVERAGE FINAL VALUES DURING MODEL ALIGNMENT.

C–1 (cost) C–2 (cost) C–3 (gradient)
Trans. error1 1.77524e-5 8.11356e-5 6.4e-05
Rotation error1 2.747765e-2 3.2e-2 1.199277e-12

1 Computed as average of (real− estimated)2. Note that this applies only
to C–1 and C–2.

V
el
o
ci
ti
es

Iterations

Fig. 6. Illustration of direct visual servoing. Top row shows the robot
at starting, intermediate, and final positions. Middle row shows the initial,
intermediate and final point clouds. Bottom row shows the task conver-
gence plot and the trajectory followed by the robot end-effector. For this
experiment, the entire point cloud is used instead of any local object model
matching. See supplementary video for more details.

home position. After this, the robot is moved to a random
position in the task space from where the visual servoing
starts. Note that all joints of the robots are moved to ensure
large transformation between the current and reference po-
sitions. Results obtained with this experiment are depicted
in the Fig. 6. From these results, it is clearly evident that
the method performs well while matching an entire cloud
starting from a position where only a part of it is visible.
The convergence plots demonstrate the smooth motion of
the robot in reaching a target position. Detailed results can
be found in the supplementary video.

IV. CONCLUSION

In this paper, we presented a visual servoing method based
on the 3D spectral domain registration using point clouds.
The presented approach makes use of the Fourier shift prop-
erty to estimate translations, and the real spherical harmonics
on SO(3) to estimate rotations, in order to iteratively align
a reference point cloud on to a target one. This methodology
has been initially used to align 3D models on to different
scenes represented as point clouds, and later used to control
the end-effector position of a robot arm to accomplish a
planar positioning task. The obtained experimental results
demonstrate the efficiency of our approach in terms of
aligning a 3D model under complex conditions as well in
positioning the robot arm.

Future work is concentrated on using the proposed ap-
proach and perform a full scale 3D object manipulation
involving static and moving object grasping [12], [31].
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