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Захват неизвестных объектов с помощью автономного манипулятора: 
современное состояние, проблемы и перспективы

Abstract

To fulfill  the practical needs of modern robotics, it is necessary to develop approaches for grasping unknown objects, since in the real world 
the robot faces a large variety of them. Approaches that imply the availability of complete information about the objects of the working area 
(3D model, weight and size characteristics) are not practical and can only be used in controlled conditions, such as working on a conveyor with 
standard details. Therefore, the scientific community and a number of industries are interested in research methods that increase the robot’s 
ability to adapt to new, unfamiliar conditions. This article presents main problems and research directions in the field of visual scene perception 
and grasping unknown objects by a manipulative robot. We discuss the differences in existing approaches according to various criteria, as well 
as advantages and disadvantages of existing solutions. The article may be useful to get acquainted with the subject area.

Keywords: unknown objects grasping, collision avoidance, manipulative robot, machine learning, grasping objects of static scene, 
unknown objects perception

Для выполнения практических задач, стоящих перед современной робототехникой, требуется разработка подходов 
к захвату незнакомых объектов, поскольку в условиях реального мира робот сталкивается с большим их разнообразием. 
Подходы, подразумевающие наличие полной информации об объектах рабочей области (3D-модель, массогабаритные 
характеристики), не практичны и могут быть использованы только в контролируемых условиях, таких как работа на 
конвейере c типовыми деталями. Поэтому научное сообщество и ряд отраслей промышленности заинтересованы в ис-
следовании методов, повышающих способность робота адаптироваться к новым, незнакомым условиям.

В данной статье приводится подборка основных направлений в задачах визуального анализа сцены и захвата неиз-
вестных объектов манипуляционным роботом. Рассмотрены отличия существующих подходов по различным критериям, 
преимущества и недостатки имеющихся решений. Статья может быть полезна для ознакомления с предметной областью.

Ключевые слова: захват незнакомых объектов, избегание столкновений, манипуляционный робот, машинное об-
учение, захват объектов статической сцены, восприятие незнакомых объектов

Introduction

Grasping various objects is an integral part of 
applied tasks for industrial and service manipulative 

robots. There are a large number of works devoted 
to this problem in the scientific literature, but the 
problem of grasping unknown objects in heavily 

РОБОТЫ, МЕХАТРОНИКА
И РОБОТОТЕХНИЧЕСКИЕ СИСТЕМЫ
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cluttered scenes with a success 
rate close to 100 % has not been 
solved yet.

The task of grasping objects of 
unknown shape by a manipulative 
robot can be considered in the 
form of several subtasks (Fig. 1): 
the task of perceiving the scene, 
implying receiving data from the 
onboard sensor subsystem, pro-
cessing and analy zing this data; 
the task of synthesizing the op-
timal grasping configuration and 
the task of planning movement to the grasping con-
figuration with collision avoidance.

The main difficulties in the grasping task are 
such aspects as: clutteriness of the scene, compli-
cating perception due to overlaps between objects; 
imperfection of the onboard sensor subsystem, lea-
ding to noisy and distorted measurements; the pre-
sence of objects of unknown shape on the scene; 
the need of grasping in real time, imposing a strict 
limitation of search algorithms.

The ability of the manipulative robot to grasp 
objects regardless of their visual and physical pro-
perties, such as shape, color, texture, as well as in 
conditions of severe clutter and changing lighting 
opens up wide opportunities for such applied tasks 
as cleaning [1], sorting [2, 3], working in warehous-
es [4] and emergency rescue operations [5].

The task of perceiving a static scene

Obtaining scene representation. At the stage of 
scene perception, a generalized representation of 
the working environment of the manipulative robot 
is formed, which will then serve as the basis for 
the methods of grasp synthesis. Usually, an RGBD-
camera or a depth-camera is used at this stage. The 
use of an RGBD image is preferable to the use of an 
RGB image, since it contains more information and 
serves as a source of features allocated by the neural 
network model. In existing studies, different tactics 
are used to obtain initial data:
 � obtaining an RGBD image or a depth image from 

one camera position (Fig. 2, a, see the second side 
of the cover). In this case, the camera position is 
fixed on the end link of the robot [6, 7] or above 
the stage [8—12]. Approaches involving a fixed 
camera position are applicable in controlled envi-
ronments and have the advantage that the robot 
does not spend time moving the camera over the 
scene to scan before grasping the object;

 � merging of individual RGBD or depth images into 
a single point cloud of the scene. In this case, the 
manipulative robot moves the camera in several 
positions, set, for example, by spherical coordi-
nates, while taking pictures of the scene [13];

 � continuous integration of RGBD or depth im-
ages into a point cloud while following the scan-
ning trajectory [13, 14].
In [14], point cloud building strategies are classified 

into an active — movement of a wrist-mounted camera 
along a complex trajectory with a constant direction 
to the center of the scene, and a passive — mer ging 
of images from two cameras with known positions 
mounted on the robot body. Thus, moving along the 
scanning trajectory allows to get significantly more 
information, while with a passive strategy, part of the 
scene is not perceived. Exploratory movements of the 
robot in order to obtain depth images from diffe rent 
camera positions,  for building a more detailed point 
cloud, may not be possible if the robot works in a 
limited space, since cluttered scenes significantly limit 
the robot’s working area [15].

The possibility of using depth images in grasp 
synthesis methods is also due to the fact that a 
training sample with realistic images can be ob-
tained by means of virtual modeling. At the same 
time, a neural network model trained on an artifi-
cially created training set can be applied in the real 
world without additional model changes [7, 13]. In 
addition to point clouds, during the operation of 
the grasp synthesis method, a representation of the 
scene in the form of a voxel grid can be used to eval-
uate the collision of the gripper with scene objects 
[6] and a truncated signed distance field (TSDF) 
representation as input data of a neural network [13] 
(Fig. 2, b, see the second side of the cover).

In the template library-based approach [17], a 
convex hull consisting of polygons is constructed 
around an object previously segmented on the plane 
of the table. Vectors of normals to the centers of 

Fig. 1. Decomposition of the problem of capturing unknown objects of a static scene
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polygons of the resulting shell are used to create a 
discrete sample of potential positions of the gripper. 
A similar approach can be found in [18], where a 
limiting 3D bounding box is used, the selection of 
points in the faces of which allows to get a set of 
potential positions of the gripper. Thus, the repre-
sentation of scene objects in the form of polygonal 
surfaces is applicable.

Scene segmentation. An important role for the 
application of grasp synthesis methods in practice is 
played by their ability to segment a set of objects of a 
complex static scene into separate instances. Classi-
cal computer vision algorithms such as morphological 
operations, Canny boundary detector, superpixel ex-
traction [19], watershed algorithm, etc. are applicable 
only as an intermediate stage of image proces sing, 
since they can lead to over-segmentation [8] and are 
able to provide information about object instances 
only in the simplest or controlled cases. Therefore, 
the most qualitative solution to the problem of seg-
mentation of unfamiliar objects is performed using 
neural network technologies [20—24].

Segmentation of scene instances avoids the situ-
ation when the robot cannot determine the bounda-
ries of objects and grasps two objects simultaneously 
[14]. At the same time, such a disadvantage is insig-
nificant if the applied task is to remove all objects 
from the scene. It is worth noting that in unde-
manding tasks, many grasp generation methods re-
sort to selecting a flat surface using the RANSAC 
model parameter estimation algorithm and thus 
obtain information about point clouds of loosely 
spaced objects or a single scene object [15].

Existing methods for image segmentation based 
on machine learning show good results. In [20], the 
modified architecture of the Mask R-CNN neural 
network is investigated for segmentation of objects 
without defining their category. Authors of 
[21] explore segmentation using a feature 
map obtaining via neural network. Clus-
ters of points with the same features are 
considered as one object, and thus segmen-
tation of instances of unknown objects is 
carried out (Fig. 3, a, see the second side 
of the cover). An approach presented in 
[22] uses a two-stage process with two au-
toencoders for regression and refinement 
of segments of unknown objects. In [23]  
the authors use the hierarchical structure 
of the neural network to perform segmen-
tation of the scene and receive informa-
tion not only about visible segments, but 
also about the expected segments of parts 

of objects invisible on the frame (Fig. 3, b, see the 
second side of the cover).

The neural network architecture PointNet [24] 
and its improved version PointNet++ [25] allow 
to extract features directly from three-dimensional 
data, such as point clouds. This architecture was 
originally developed for use in classification and 
segmentation tasks, so it is being used in recent 
studies to extract the properties of the original point 
cloud and generate a set of potential grasps.

Types of static scenes. A number of studies consid-
ers two types of cluttered scenes that affect the dis-
tribution of potential grasps. In the works [6, 9, 13], 
cluttered scenes with a random arrangement of objects 
and scenes consisting of objects arranged in order are 
considered (Fig. 4).

A feature of scenes with randomly arranged ob-
jects is the random position and orientation of all 
objects. An example of such scenes in the real world 
can be a blockage, a set of unsorted objects. In this 
kind of scenes, the potential poses of the gripper 
are oriented mostly vertically. Cluttered scenes with 
an ordered arrangement of objects contain objects 
stably located on the surface. An example of such 
a scene is a set of tightly arranged objects on a 
shelf. In this kind of scene, the potential poses of 
the gripper can be distributed both vertically and 
horizontally. In scenes with an ordered arrangement 
of objects, an unintentional collision of a gripper 
with an object leads to much more noticeable con-
sequences than in random scenes: an object stan-
ding vertically can fall, touch other objects, greatly 
changing the scene. In applied tasks, this may be 
extremely undesirable [6]. Thus, an important role 
in evaluating the effectiveness of the method is as-
sociated with its verification on both types of scenes 
reflecting real-world conditions.

Fig. 4. Static scenes [13]:
a — with a random objects arrangement; b — with an ordered objects arrangement
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Summarizing the analysis of existing approaches 
to the perception of the scene, we can group them 
into Table 1.

Manipulative robot motion planning task

The task of grasping in number of studies is con-
sidered as the task of synthesizing such a position of 
the gripper that would allow the manipulative robot 
to reliably grasp the object, avoiding collisions with 
other objects of the scene [6, 7, 9, 13, 15, 26]. Thus, 
the grasping-based task of cleaning the workspace 
from objects [10] implies the sequential removal of 
objects from the workspace, simulating the applied 
tasks of analyzing the blockage and cleaning the 
room. The scientific literature presents many ap-
proaches that solve this problem, which differ in the 
complexity of implementation; the necessary equip-
ment for scene perception and data processing; 
computational complexity. They will be discussed 
in more detail.

Formalized description of the position and orien-
tation of the gripper. A formalized description of the 
position and orientation of the gripper plays an im-
portant role for the effectiveness of the grasp synthe-
sis methods. Usually, when synthesizing the gras ping 
configurations of a manipulative robot, 2 ways of 
representing the pose of the gripper are considered, 
differing in the number of degrees of freedom:

1) representation of a pose with 3 degrees of 
freedom [11, 27—29]. In this case, the pose of the 
gripper is described by 3 independent parameters 
relative to the image plane: (x, y, θ), where (x, y) are 
the coordinates of the center of the gripper device 
in the image, θ is the angle of rotation of the grip-

per relative to the horizontal axis. The magnitude 
and direction of the longitudinal displacement of 
the gripper is determined from the coordinates of 
the grasping center point in the image and the nor-
mal vector to the surface at this point [11]. The use 
of such a representation greatly limits the variety of 
grasps considered by those whose approach direc-
tion is perpendicular to the image plane. As a result, 
grasping an object may be kinematically impossible;

2) pose representation with 6 degrees of freedom 
[6, 7, 9]. In this case, the pose of the gripper is de-
fined by 6 independent parameters: (x, y, z, α, β, γ),
where (α, β, γ) are 3 Euler angles and (x, y, z)
are 3 projections of the translation vector. The ad-
vantage in such approaches is the ability to grasp 
objects from any side. The disadvantage is the fact 
that position regression in three-dimensional Eu-
clidean space is more complicated than regression 
in two-dimensional space [9];

3) apart from the above mentioned parametri-
zation methods extended approach is used for the 
case of a multifingered grippers. Depending on the 
complexity of the gripper kinematics, a bigger num-
ber of parameters is required to desсribe its pose 
and orientation [26]. Nonetheless many researchers 
simplify the pose estimation task and reduce the 
optimization problem to 3 or 6 parameters.

In [9], the authors rely on the observation that 
in most cases one of the contact points of a paral-
lel gripper with an object lies on the visible part of 
the surface. This observation allowed them to use 
the dimension of the representation of the gripper 
equal to 4 in order to optimize regression. Thus, the 
learning process of the neural network was facili-
tated and, moreover, the accuracy of estimating the 
position of the gripper increased.

Table 1

Comparison of approaches to scene perception in existing studies

Parameter Realization

Sensor type RGBD-camera Depth-camera

[6][7][8][9][10][11][14][16] [12][13][17]

Sensor location Fixed statically Fixed on the robot link

[8][9][10][11][12][16][17] [6][7][13][14]

Scene representation 
obtaining strategy

One-position image Merging images from multiple positions

[6][7][8][9][10][11][12][16][17] [13][14]

Scene representation
Point cloud Voxelized TSDF N-channel image Polygonal

[6][7][8][9][12][14][16] [6] [13] [10][11] [17]

Segmentation method 
(if applied)

Classical methods of image processing Clustering Neural networks

[8] [7][16][17] [6][9][10]
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Target object awareness for the grasping algo-
rithm. In addition to the grasp representation, the 
existing approaches for the presence of the target 
object of manipulation can be classified into the 
following:

1) approaches using only an array of source data 
without selection of a target object [12—14]. Accor-
ding to these approaches, collision avoidance grasps 
are synthesized for the entire scene as a whole, 
without dividing it into separate objects. This can 
lead to the grasping of two objects at the same time, 
since there is no functional for their differentiation 
(Fig. 5, a, see the second side of the cover). This 
type of approach can be used in applied tasks that 
do not require the grasping of the target object. The 
advantage of these methods is a simplified interpre-
tation of the grasping task and less complexity due 
to skipping the segmentation step;

2) target oriented approaches — in this group 
of approaches, there is a matching between syn-
thesized grasps and specific target objects [6, 7, 30] 
(Fig. 5, b, see the second side of the cover). Target 
oriented approaches have an advantage over ap-
proaches without specifying a target object, since 
they are more applicable in practical usage.

Grasp planning based on pattern matching. Ap-
proaches involving the use of known objects present 
in the robot’s workspace, such as [31, 32], are not 
always compatible with the requirement to work in 
uncontrolled working environments. However, due 
to the availability of this information, broad gener-
alizing abilities are not required from the percep-
tion system, as a result of which such approaches 
benefit in speed and quality of grasping. In the real 
world, a manipulative robot can encounter a large 
number of objects of different categories and with 
different physical parameters, such as shape, weight 
and texture, so one way to generalize information is 
to use a template library.

In [17], the authors present an algorithm for 
grasping unknown objects based on matching with 
a template library. The authors rely on the hypothe-
sis that objects similar in shape can be grasped in a 
same way. Initially, the database with templates is 
filled by kinesthetic training of the robot on some 
training sample. The templates selected using the 
descriptor developed by the authors are then com-
pared with the data from the depth camera during 
the robot’s operation and, in case of successful mat-
ching, grasps from the library are used. During the 
operation of the algorithm, the library increases its 
efficiency due to feedback. During the experimental 
evaluation of the algorithm, it showed from 62 to 

87 % success rate of grasps. The calculation of the 
ranked list of grasps for the on-board computer of 
the robot PR2 took from 5 to 30 seconds. The ad-
vantage of the algorithm is the use of descriptors to 
generalize templates to different objects.

The category of approaches involving object 
models includes methods related to the use of a 
family of superquadrics. So, in [16], the selected 
and processed point cloud of the object is approxi-
mated and replaced by a superquadric in order to 
then search for the position of the gripper. The ad-
vantage of superquadrics is the possibility of defi-
ning them by 11 parameters and the simplicity of 
obtaining a point cloud of a superquadric. In order 
to ensure the reliability of the grasp, the criteria of 
the distance to the centroid of the superquadric and 
the curvature of the contact areas are used.

In addition to explicitly specifying models of 
workspace objects, there are studies aimed at recon-
structing the shape of an incomplete point cloud. In 
this way, in [33], the shape of an object is recon-
structed using a random forest model along a part 
of the surface. However, since the reconstruction 
process is computationally expensive, the most ef-
fective approaches use machine learning to output 
grasps in one pass of a network, in the hidden space 
of which possible grasps are mapped to an incom-
plete cloud of object points.

Grasp planning using machine learning. The 
most advanced results in the grasping task are 
achieved by using machine learning [6, 7, 9, 10—13, 
27, 28, 34], because neural networks are a powerful 
tool for extracting features from input data. Most 
training-based approaches use an artificially created 
sample of training data and are thus transferred to 
real-world conditions without changes. When using 
machine learning in the task of grasping unknown 
objects, 3 types of approaches are used:
 � reinforcement learning, where the robot inter-

acts with the environment, receiving responses 
[35, 36]. The disadvantage of this approach is 
the impossibility of its fast deployment in a new 
environment;

 � supervised learning with an annotated training 
data [6, 7, 13]. To create a training data, most 
methods of grasp synthesis involve modeling 
complexes;

 � forming of a motion plan based on maximizing 
the objective function. This approach can use 
evolutionary algorithms [37], decision trees [38].
Approaches based on reinforcement learning 

[35, 36] consider the grasping task as learning a 
sequence of actions, as a result of which the target 
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object will be grasped. To do this, it may be nec-
essary to remove or move the blocking object, so 
2 possible actions are considered in the process of 
completing the task:
 � grasping — positioning the gripper near the tar-

get object in order to grasp it;
 � pushing — shifting of an object in order to pro-

vide free space near another object.
Methods generating an initial sample of grasps 

based on the assessment of surface normals do not 
cope with objects containing thin parts and incom-
plete point clouds [14]. Neural network approaches 
are devoid of this disadvantage usually. However, in [9] 
it is noted that in existing approaches using com-
plex algorithms consisting of several stages, there 
are disadvantages, expressed in the presence of se-
veral potential points of failure and in a relatively 
long execution time, which does not allow working 
in real time. Thus, such software-algorithmic com-
plexes that use the smallest number of components 
are more preferable. So, in [9], a regression of a set 
of 4 parameters describing the pose of the grip-
per is carried out based on a cloud of scene points 
obtained using an RGBD-camera. To do this, the 
authors train a neural network with the PointNet++ 
architecture. The set of potential grasping configu-
rations generated by the neural network is analyzed, 
and grasps with a high score are selected. The ad-
vantage of the method is that it does not require 
precise segmentation of the target object, uses a re-
duced dimension of the output space and has a high 
speed compared to other methods.

In practical applications robots often encounter 
scenes consisting of several objects, so there is a 
need to take into account possible undesirable col-
lisions. So, in [7], an autoencoder based on Point-
Net generates a set of grasps for an isolated object. 

The authors solve the problem of collision avoi-
dance by evalua ting grasps taking into account the 
point cloud of the scene using a second autoenco-
der and using an algorithm for iterative refinement 
of grasps. Iterative adjustment of the found grasps 
plays an important role, since in some cases only a 
small change in its position or orientation is neces-
sary to ensure the success of the grasp. Algorithms 
that work with scenes containing several objects are 
more applicable in practice [11], but at the same 
time they need to avoid collisions.

In a special group, it is worth highlighting the 
methods of grasp detection [6, 7, 13, 14, 30]. In this 
group of approaches, the task of finding the target 
poses of the gripper is considered similarly to the 
problem of detection in computer vision. Most grasp 
detection algorithms use some method to generate 
potential grasps based on the scene representation 
obtained at the perception stage. This generation of 
a variety of grasps facilitates the search for kinemat-
ically feasible and high-quality grasps. Usually the 
grasp detection algorithm consists of 2 main stages: 
generating a sample of grasps; evaluating the gene-
rated grasps and selecting the optimal ones accor-
ding to one or more criteria (Fig. 6, see the second 
side of the cover).

Summarizing the analysis of existing approaches 
for grasping unknown objects, they can be grouped 
into Table 2.

Motion planning with collision avoidance. Mo-
tion planning of a manipulative robot with obstacle 
avoidance is crucial for ensuring the safe, efficient 
and long-term operation of robotic systems. It is 
also essential to avoid collisions with the surroun-
ding environment for maximization of grasping 
success rate. There are several algorithms available 
for this task, including:

Table 2

Existing approaches for grasping unknown objects

Parameter Realization

Selection of target object Yes No Single object

[6][7][9][10][11][16] [30][31][35] [8][12][13][36] [17] [26][27][28][29][37][38]

The method for finding 
gripper pose

Analytical Neural networks Templates library Decision trees Genetic algorithm

[8][16][26][31] [6][7][9][10][11][12][13][27][28]
[29] [30][35] [36]

[17] [38] [37]

Auxiliary actions Yes No

[10][35][36] [6][7][8][9][11][12][13][16][17][26][27][28][30][31][37][38]

Collision avoidance Yes No

[6][7][8][9][10][11][12][13][26][35][36][38] [16][17][27][28][29][30][31][37]
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 � artificial potential field algorithm (APF) — the 
algorithm assigns attractive forces toward the 
goal and repulsive forces from obstacles [39];

 � rapidly exploring random tree (RRT) — where 
the basic idea is exploring high-dimension space 
in the form of the tree [40];

 � genetic algorithm (GA) — the algorithm is able 
to achieve target position without collisions and 
singularity with specific objective functions [41].
It should also be noted that employing these 

techniques requires either extensive equipment of 
the manipulator with obstacle sensors, or applica-
tion of environment mapping algorithms, based on 
video analysis.

Assessment of grasp synthesis algorithms

Algorithm efficiency criteria. Evaluating of effec-
tiveness of methods for the grasp synthesis plays impor-
tant role since it allows to judge how reliable potential 
grasps are and how they are distributed. To evaluate 
the performance of the method for the grasp synthesis, 
various metrics can be used, including those based on 
heuristics, but the most common are the following:
 � success rate — the percentage of successful 

grasps from the total number of grasps deter-
mined experimentally. In the case of grasping 
unknown objects, this metric reflects the gene-
ralizing abilities of the system, as well as the 
reliability of the generated grasps [7, 13];

 � coverage — the proportion of coincidence of 
synthesized grasps with ground truth grasps. The 
high value of this metric reflects the fact that the 
synthesized grasps are distributed in the same 
way as the grasps of the training data, which, 
usually, are arranged so that the object can be 
grasped in different ways. Such a need arises in 
highly cluttered scenes, where several alternative 
ways of accessing the object are required [7, 13];

 � recall at high precision — a metric introduced in 
[14] that evaluates coverage at a certain threshold 
value of the acceptability of the grasp classifier. 
This metric can be used in grasp detection me-
thods, where a set of grasps is first synthesized, 
which is then evaluated using a classifier;

 � planning time — the time between getting a view 
of the scene and getting a list of feasible grasps [13].
It is worth noting that the key feature of recall at 

high precision is that it evaluates the grasp detec-
tion system as a whole — simultaneously reflecting 
both the quality of the grasp synthesis subsystem 
and the accuracy of the classifier.

Quality criteria for evaluating synthesized po-
tential gripper poses. For the selection of execu-
table grasps, their ranking is required in accor-
dance with robustness. The paper [42] provides 
methods for calculating criteria that determine 
the qualitative indicator of potential grasp. The 
authors identify several groups of analytical crite-
ria based on:
 � algebraic properties of the grasping matrix — 

the analysis of the grasping matrix, that is, the 
matrix connecting the contact forces acting on 
the object from the gripper with the general ef-
fect of fingers on the object, allows to assess the 
possibility of this grasping configuration to resist 
external disturbances;

 � geometric properties of the grasp — when calcu-
lating these criteria, the geometric relationships 
between the contact points are taken into ac-
count. Thus, the degree of stability of the grasp is 
reflected, i.e. its ability to resist contact slippage;

 � contact forces limitations — this set of criteria 
reflects the ability of the grasp to resist distur-
bing influences, taking into account the limita-
tions of the forces applied to the object of ma-
nipulation by the gripper fingers;

 � gripper configuration — this set of criteria is 
calculated based on the Jacobi grasping matrix, 
i.e. the matrix linking the gripper space and the 
manipulation object space. Thus, the degree of 
closeness of the gripper to the singular configu-
ration is estimated.
The paper notes that the grasp assessment should 

be carried out in accordance with several criteria 
included in the overall assessment with weighting 
coefficients.

The ability of the grasp to resist disturbances and 
immobilize the object is determined by the proper-
ties of form closure and force closure [43]. The 
property of form closure is provided by the arrange-
ment of contact areas in such a way as to restrict 
the movement of the object in space. The force clo-
sure reflects the ability of the forces applied to the 
object of manipulation by the fingers of the gripper 
to resist slipping and movement of the object. In 
the study [14], the search for antipodal frictionless 
grasps1, is carried out, since with a non-zero coef-
ficient of friction they are grips closed in force.

1Antipodal frictionless grasp is a grasp in which the vectors 
of the normal to the contact points are directed opposite to the 
direction of movement of the corresponding griper fingers and are 
colinear [44].
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Conclusion

It can be concluded that the problem of gras ping 
arbitrary objects by a manipulative robot is rele-
vant and is currently widely discussed in the scien-
tific community. Of great interest are the methods 
of detecting potential gripper poses and synthesis 
of grasping movements presented in recent studies, 
which allow for reliable grasp of an arbitrary object 
with obstacle avoidance. These methods are mainly 
based on the use of machine learning. However, to 
date, a sufficiently universal and reliable method has 
not been developed yet, the effectiveness of which 
would be comparable to the grasps performed by a 
person.

The most applicable and universal method in 
practice seems to be one that would provide a short 
solution output time, separation of the initial repre-
sentation of a static scene into object instances with 
matching grasps to each object, as well as collision 
avoidance. Despite the fact that usually in recent 
works one of the possible strategies for construc ting 
a point cloud is used, the possibility of using both 
passive and active point cloud construction strat-
egy, depending on the limitations of the workspace, 
would be an advantage.
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