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Abstract—This The scientific problem at solving which the 

present project is directed consists in the development of 

accurate methods for reconstruction of a three-dimensional 

map of the accessible of environment with requied accuracy of 

reconstruction. The problem of consistent aligning of 3D point 

data is known registration task. The most popular registration 

algorithm is the Iterative Closest Point algorithm. Three basic 

problems are characteristic for the ICP algorithm: first, the 

convergence of the algorithm depends strongly on the choice of 

the initial approximation; second, the algorithm does not take 

into account the local shape of the surface around each point; 

and, third, the search for the nearest points is of high 

computational complexity. In this paper a new close solutions 

to 3D total variation regularization will be obtained and 

effective algorithms for restoring 3D data will be designed. The 

proposed approach improves the accuracy and convergence of 

reconstruction methods for complex and large-scale scenes. 

The performance and computational complexity of the 

proposed RGB-D Mapping algorithm in real indoor 

environments is discussed. 

Keywords—simultaneous localization and mapping; a three-

dimensional map; iterative closest point algorithm; orthogonal 

transformations; variational problem of the point-to-point 

I. INTRODUCTION 

Over the last decade numerous methods of SLAM 
(Simultaneous Location and Mapping) have been suggested. 
The development of an adaptive dynamic system for the 
reliable handling of the task of the simultaneous localization 
of a mobile robot and mapping of its environment in real 
time is one of key tasks in modern robotics and machine 
vision, since the creation of autonomous intelligent robotic 
complexes and systems is based on its fulfillment.In the field 
of robotics and systems of autonomous localization in 
unknown space over the past decade many successful 
methods, approaches and algorithms for building dense 
three-dimensional maps of the unknown envifronment 
developed. Historically, quick methods of handling SLAM 
tasks and methods that use orienting points for localization in 

unknown environment were the first to be worked out [1]. 
Subsequently, the main direction of investigations was 
connected with the development of intellectual SLAM 
methods that use various multi-touch sensors and variants of 
Kalman filtering for estimating the motion trajectory of a 
robotic system in space in order to tackle the task [2]. The 
known algorithms for SLAM are based on the following 
approaches: Particle Filter SLAM, Extended Kalman Filter 
(EKF), Graph-Based SLAM and Visual SLAM [3]. In 
addition to these approaches of the localization the following 
methods can be used: extreme methods of navigation based 
on comparison of two consecutive scans by optimizing the 
cross-correlation function; the method of recursive filtering; 
method Normal Distributions Transform is a transformation 
of normal distributions. Some perspective SLAM methods, 
apart from information about the geometrical shape of 
objects need to account for information about semantic 
properties of objects in three-dimensional space, as well as 
relations between them.  

The performance of SLAM algorithms directly depends 
on the accuracy of constructing a 3D shape model by 
registration in the 3D point clouds obtained from depth 
sensors. The Iterative Closest Point (ICP) algorithm is often 
used as a registration algorithm [4]. A common registration 
algorithm solves the variational problem of finding the 
optimum geometric (orthogonal or affine) transformation, 
which best matches two clouds of points with a given 
correspondence between points [5]. Different functionals 
lead to various methods for registration of point clouds. The 
most commonly used methods for searching correspondence 
between a pair of clouds are point-to-point and point-to-
plane. For the class of orthogonal transformations, the 
solution of the point-to-point problem was explicitly given by 
of Horn [6]. An exact solution of the point-to-point task is 
given in [7]. The variational problem of the point-to-point in 
the class of orthogonal transformations is usually solved 
using either the Levenberg-Marquardt iteration algorithm or 
the linearization method for small angles [8]. For the 
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variational problem of the point-plane for the class of affine 
transformations, the exact solution was proposed [9]. An 
approximate solution of the point-plane problem for the class 
of orthogonal transformations was obtained in [10]. Note that 
the point-plane method for the class of orthogonal 
transformations is more robust to noise of sensors, but for 
this method the explicit solution of the problem has not been 
found yet. This complicates the use of the method in real-
time registration applications. Recently, an algorithm for 
dynamic registration of point clouds of deformable surfaces 
was proposed [11]. The method splits surfaces into sections, 
next each of them is processed separately, and then the 
results are automatically combined by minimizing a 
functional. 

Within the framework of this project an explicit solution 
of the point-plane problem for the class of orthogonal 
transformations will be found, and aniterative registration 
algorithm will be designed. The ICP algorithm is 
characterized by two main problems: first, the algorithm does 
not use the local surface shape around each point, and 
secondly, search of nearby points has a high computational 
complexity [4,12]. In this respect, it is important that a shift 
between successive frames might be inconsiderable, all 
previous formations might be accurate, and all objects in a 
frame might be within the area of the field of vision, 
otherwise, the ICP method may either yield unsatisfactory 
results in terms of accuracy, or result in no convergence 
altogether [13]. In papers [14] instead of matching point to 
point is used the metric point to the plane. However, the 
approach based on point-to-plane has more constraints of the 
structure of the reconstructed space. The ICP algorithm 
(point-to-plane) has a poor convergence for scenes with a 
small number of geometric constraints [15]. The convergence 
of the ICP algorithm may be considerably improved [16]. We 
suggest to apply visual (color) features to significantly 
improve the initial point of the ICP algorithm, and the 
alignment between key-frames is computed by joint 
optimization of appearance and shape matches. [17]. The 
most successful feature descriptors such as SIFT (Scale 
Invariant Feature Transform) [18] and SURF (Speeded-Up 
Robust Features) [19] are robust to scale and viewpoint 
changes. However, other visual features could be also useful 
for loop-closure detection and global localization. For 
example, histograms of oriented gradients (HOGs) possess 
attractive invariance to viewpoint changes [20]. 

The paper is organized as follows. In Section 2, the 
proposed fusion close-solution algorithms for restoring 3D 
data are presented. Computer simulation results are provided 
in Section 3. Section 4 summarizes our conclusions. 

II. FUSION ITERATIVE CLOSEST POINT ALGORITHM FOR 

ORTHOGONAL TRANSFORMATIONS 

In this topic, a new iterative algorithm for registration of 

point clouds based on the point-to-plane ICP algorithm with 

arbitrary affine transformations wil be presented. 

Let 𝑋 = {𝑥1, … , 𝑥𝑛} be a source RGB-D frame, and 𝑌 =
{𝑦,… , 𝑦𝑚}  be a destination RGB-D frame in ℝ3. The ICP 

algorithm consists of the six stpes. The main step is search 

of a geometrical transformation between X and Y (RGB-D 

objects mapping): 

 𝑅𝑥𝑖 + 𝑇 () 

where 𝑅 is a rotation matrix, 𝑡 is a translation vector, 𝑖 = 

1, … , 𝑛. 

Denote by (Y) a surface constructed from the cloud Y, by 
( ) denote a tangent plane of (Y) at point y . Let (R, T) be the 
following function: 

 𝐽(𝑅) = ∑ (〈𝑅𝑥𝑖 − 𝑦𝑖𝑛𝑖〉)2𝑛
𝑖=1  () 

where <,> is the scalar product, R is a fusion matrix of an 
affine-transformation: rotation and translation. Let xi is a 
point from the cloud Y, ni is the unitary normal for T(yi): 

 𝑅 = (

𝑟11 𝑟12 𝑟13 𝑡1
𝑟21 𝑟22 𝑟23 𝑡2
𝑟31 𝑟32 𝑟33 𝑡3
0 0 0 1

) 𝑥𝑖 =

(

 

𝑥1
𝑖

𝑥2
𝑖

𝑥3
𝑖

1 )

 ,  𝑛𝑖 =

(

 

𝑛1
𝑖

𝑛2
𝑖

𝑛3
𝑖

1 )

 () 

Then new project solutions to 3D total variation 
regularization will be obtained. The function J(R) can be 
rewritten: 

 𝐽(𝑅) = ∑ (〈𝑅𝑥𝑖 − 𝑦𝑖 , 𝑛𝑖〉)2𝑛
𝑖=1 = 

∑(〈𝑅𝑥𝑖 , 𝑛𝑖〉 − 〈𝑦𝑖 , 𝑛𝑖〉)2
𝑛

𝑖=1

=∑(〈𝑅𝑥𝑖, 𝑛𝑖〉)2
𝑛

𝑖=1

− 

 2〈𝑅𝑥𝑖 , 𝑛𝑖〉〈𝑦𝑖 , 𝑛𝑖〉 + (〈𝑦𝑖 , 𝑛𝑖〉)2 () 

The term <yi, ni> = const with respect to R, so the 
function J(R) (4) takes the form (5): 

 ∑ (〈𝑅𝑥𝑖 , 𝑛𝑖〉)
2
− 2〈𝑅𝑥𝑖 , 𝑛𝑖〉〈𝑦𝑖 , 𝑛𝑖〉 + (〈𝑦𝑖 , 𝑛𝑖〉)

2𝑛
𝑖=1 ⟶

𝑚𝑖𝑛
𝑅

() 

Let's solve the variational problem J(R) with respect to tij, 
i=1,2,3. 

 
𝜕𝐽

𝜕𝑡𝑗
= ∑ 2〈𝑅𝑥𝑖 , 𝑛𝑖〉𝑛𝑗

𝑖 − 2𝑛𝑗
𝑖𝑛

𝑖=1 〈𝑦𝑖 , 𝑛𝑖〉 = 0 () 

where j=1,2,3. 

Then 

 ∑ 〈𝑅𝑥𝑖 , 𝑛𝑖〉𝑛𝑗
𝑖𝑛

𝑖=1 = 𝑐𝑗 , 𝑗 = 1, … ,3 () 

Denote by the (XN)i the following matrix: 

 (𝑋𝑁)𝑖 =

(

 
 

𝑥1
𝑖𝑛1
𝑖 𝑥1

𝑖𝑛2
𝑖 𝑥1

𝑖𝑛3
𝑖 0

𝑥2
𝑖𝑛1
𝑖 𝑥2

𝑖𝑛2
𝑖 𝑥2

𝑖𝑛3
𝑖 0

𝑥3
𝑖𝑛1
𝑖 𝑥3

𝑖𝑛2
𝑖 𝑥3

𝑖𝑛3
𝑖 0

𝑛1
𝑖 𝑛2

𝑖 𝑛3
𝑖 0)

 
 

 () 

Let us consider the following expression: 

 〈𝑅𝑥𝑖 , 𝑛𝑖〉 = 𝑇𝑟(𝑅 ∙ (𝑋𝑁)𝑖) () 

Taking into account (7) and (9) can be rewritten as 
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 ∑ 𝑛𝑗
𝑖𝑇𝑟(𝑅 ∙ (𝑋𝑁)𝑖)𝑛

𝑖=1 = 𝑐𝑗 , 𝑗 = 1,2,3 () 

Denote by (njXN)i the following matrices. Denote that 

 𝑛𝑗
𝑖𝑇𝑟(𝑅 ∙ (𝑋𝑁)𝑖) = 𝑇𝑟 (𝑅 ∙ (𝑛𝑗𝑋𝑁)

𝑖
)                 () 

Taking into account (10) and (11) can be rewritten as 

  ∑ 𝑇𝑟 (𝑅 ∙ (𝑛𝑗𝑋𝑁)
𝑖
)𝑛

𝑖=1 = 𝑐𝑗 () 

Denote that 

 ∑ 𝑇𝑟 (𝑅 ∙ (𝑛𝑗𝑋𝑁)
𝑖
)𝑛

𝑖=1 = 𝑇𝑟 (∑ 𝑅 ∙ (𝑛𝑗𝑋𝑁)
𝑖𝑛

𝑖=1 ) =

                           𝑇𝑟 (𝑅 (∑ (𝑛𝑗𝑋𝑁)
𝑖𝑛

𝑖=1 )) = 𝑐𝑗 () 

Let's solve the variational problem J(R) with respect to 
rij,, j=1,2,3: 

  
𝜕𝐽

𝜕𝑟𝑖𝑗
= ∑ 2〈𝑅𝑥𝑘 , 𝑛𝑘〉𝑥𝑗

𝑘𝑛𝑖
𝑘 − 2𝑛

𝑘=1 𝑥𝑗
𝑘𝑛𝑖

𝑘〈𝑦𝑘 , 𝑛𝑘〉 = 0, () 

where j=1,2,3, k=1,…,n. 

Then 

 ∑ 〈𝑅𝑥𝑘 , 𝑛𝑘〉𝑥𝑗
𝑘𝑛𝑖

𝑘 −𝑛
𝑖=1 𝑥𝑗

𝑘𝑛𝑖
𝑘〈𝑦𝑘 , 𝑛𝑘〉 =

            ∑ 〈𝑅𝑥𝑘, 𝑛𝑘〉𝑥𝑗
𝑘𝑛𝑖

𝑘𝑛
𝑖=1 − ∑ 𝑥𝑗

𝑘𝑛𝑖
𝑘〈𝑦𝑘 , 𝑛𝑘〉 = 0𝑛

𝑖=1  () 

Taking into account the expression ∑ 𝑥𝑗
𝑘𝑛𝑖

𝑘〈𝑦𝑘 , 𝑛𝑘〉𝑛
𝑘=1  is 

constant (15) can be rewritten as 

 ∑ 𝑥𝑗
𝑘𝑛𝑖

𝑘𝑇𝑟(𝑅 ∙ (𝑋𝑁)𝑘) = 𝑐𝑖𝑗
𝑛
𝑘=1  () 

Denote the set of matrices 𝑥𝑗
𝑘𝑛𝑖

𝑘𝑋𝑁𝑘 . The expression 

(16) can be rewritten as 

 ∑ 𝑇𝑟 (𝑅 ∙ 𝑥𝑗
𝑘𝑛𝑖

𝑘𝑋𝑁𝑘) = 𝑐𝑖𝑗
𝑛
𝑘=1  () 

We get the set of 12 linear equations with 12 variables rij, 
tk, i,j,k=1,2,3. We can write this system as the matrix 
equality: 

 𝑍 ∙ P = 𝐶 () 

where matrix Z has size 9 × 12, C is the column consist 

of 12 numbers ci and cij, and the column H: P =
(𝑟11, 𝑟12, 𝑟13, 𝑡1, 𝑟21, 𝑟, 𝑟23, 𝑡2, 𝑟31, 𝑟32, 𝑟, 𝑡3). 

III.  ROBOT MAPPING ALGORITHM 

In this project we use approach to the implementation of 
the task is based on the application of EKF. We use the term 
“visual feature” and term “semantic landmark” 
synonymously. The robot platform is equipped with multi 
sensor cameras (Kinect and Beward camera) which take 
measurements of the relative location between any semantic 
landmark and the robot platform itself. The absolute 
locations of the semantic tags are not available. The 
implementation of the suggested visual SLAM algorithm 

uses nonlinear kinetic models of robot platform and nonlinear 
asynchronous observation models in controlled/uncontrolled 
indoor conditions). The state of the system of interest 
consists of the position and orientation of the robot platform 
together with the position of all semantic tags. General 
algorithm of robot mapping is shown in Fig.1. 

The updating of a history of camera positions and the 
robot's movements, as well as the configuration of surveyed 
characteristics are carried out at a certain interval of time. As 
a rule, data are added not at every step, but in case the 
position of the camera (the robot) has significantly changed, 
for example, when a considerable displacement or rotation 
has taken place as compared to the previous memorized 
position. A mathematical model of the scene will be saved in 
the form of a graph the vertices of which correspond to 
certain moments of time [21]. A new combined adaptive 
method was developed in the present work for the generating 
a three-dimensional combined dense map of an accessible 
environment and determining the position of the robot in a 
relative coordinate system based on the history of camera 
positions, on symbolic (semantic) tags, on the robot's 
movements and on the matching of obtained three-
dimensional depth maps which account for the accuracy of 
their superimposition, as well as geometric relationships 
between various images of one scene[22]. 

The variational problem can be solved numerically by 
various iterative methods. The matching between pairs of 
points from two clouds is determined by finding 
geometrically homothetic elements of objects. Such matching 
is invariant under rotation, rescaling, and parallel translation. 
A comparative analysis of exact and approximate solutions of 
the variational problem was performed using reference 
databases. Specifically, experiments were conducted using 
the image databases ALOI (Amsterdam Library of Object 
Images) and Indoor Segmentation and Support Inference 
(ECCV) [23]. It was found that the approximate solution 
methods yield fairly accurate results when applied to the 
reconstruction of three-dimensional environmental scenes. 
Thus, we can conclude that visually associated characteristics 
used for solving the variational problem in the ICP algorithm 
make it possible to obtain a closed-form solution of the 
variational registration problem for a given three-dimensional 
scene. 

A comparative analysis of the reliability of detection and 
the accuracy of localization of geometrically distorted objects 
in a scene was performed for linear and nonlinear detectors, 
descriptor methods, and the present method [4, 13]. More 
specifically, the accuracy of three-dimensional reconstruction 
was studied as a function of the number and spatial 
distribution of singular points in a frame. The minimum 
number of singular points ensuring prescribed accuracy of 
threedimensional reconstruction was determined for each 
studied descriptor/method. Guaranteed estimates for the 
accuracy and computational complexity of the proposed 
method were substantiated using an adaptive approach. It 
was found that the reconstruction accuracy is a nonlinear 
function of the number of singular points in a frame; for 
descriptors of all types, this function has a single pronounced 
peak. It was shown in [24] that the registration method 
proposed for three-dimensional objects is the best in terms of 
missing errors and false alarms for a wide range of white 
noise distortions (from 50 to 10 dB). 
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Fig. 1. The block diagram of the proposed robot mapping algorithm 

 

The basic shortcomings of the classical ICP method are 
associated with its restricted convergence domain and high 
computational complexity. It was shown in [16]  that 
projection methods can reduce the computational complexity 
of the ICP registration method from O(NS log (NT)) for the 
ICP method with a k-D tree to O(NS) for the ICP method 
with a spherical or triangular constraint [25]. The 
computational complexity of the registration method can be 
estimated as , where k is the number of steps in the 
registration algorithm, O1 is the computational complexity of 
the first step of the algorithm, and F is a parameter 
determining a partition of the cloud of points into elementary 
units containing raster element values in three-dimensional 
space. The results suggest that the proposed method is an 
efficient tool for computing closed-form solutions of the 
given variational problem and can be used in real time. 

IV. CONCLUSIONS 

In this paper, a effective algorithm for restoring 3D data 
combining visual features and depth information was 
proposed. The results were discussed and compared based on 
the results of computer simulation. The proposed approach is 
based on visual slam based on ICP is in line with the basic 
trends of development of modern methods and algorithms of 
simultaneous localization and mapping in an unknown space. 
In the proposed formulation of the problem we plan to find a 
solution of variational problem based on the combination of 
data on feature points (the color scenes), and a dense 
threedimensional point cloud (depth data). The considered 
functionals are composed of terms that measure the average 
of the squares of the distances to visial-associated 

characteristic points with the normalizing factor (the 
variation of metric characteristics of a function of two 
variables), terms that measure the average of the squares of 
the distances for a dense point cloud based on metrics “point-
to-plane” and terms that presenet various generalizations of 
such functionals. The solution of the variational problem will 
be obtained using various iterative methods. Within the 
framework of the project, the variational problem of the ICP 
algorithm is extended to a class of affine transformations. 
The computational experiments carried out showed a 
significant increase in the accuracy of the modified ICP 
algorithm. 
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