
10.24425/acs.2025.153959
Archives of Control Sciences

Volume 35(LXXI), 2025
No. 1, pages 89–121

Estimation of grasp type and determining grasping
points for Adaptive Grasping Device

Michał CZUBENKOo , Piotr ŁYCZKO and Rafał OKUŃSKI

The article describes the grasping point algorithm (GPA), aimed to determine points for
picking up objects by a manipulator equipped with a proprietary gripper enabling three picking
modes (suction cup, two fingers, three fingers). The paper outlines the topic of unknown object
picking using various types of grippers, both from a stack of objects and stand-alone items. It
describes details of four methods available in the literature. Presented GPA algorithm consists of
four separate functions dedicated to appropriate grasping methods chosen based on a decision-
making process. The dedicated functions has been described in detail and tested. Used methods
have been tested manually on 15 different objects. GPA algorithm has been evaluated in real-
world tests as well. The presented tests showed efficiency of approximately 92% in the case of
moving previously unknown objects from the stack to the target cuvette.
Key words: pick-and-place operation; Industry 5.0; adaptive gripper; grip points estimation;
grasping robot.
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1. Introduction
In 2022, the number of annual robot installations reached 553,000 units [45].

The leading countries include China, Japan, the United States, the Republic of
Korea, and Germany. These countries are responsible for approximately 80% of
the installations. The observed growth is related to ongoing technological de-
velopment, in particular, both the implementation of cobot (cooperative robot)
technology and aspects of Industry 4.0 (basically, digitalization and network inte-
gration) [17,42]. Note that, in the future, we may expect robotic implementations
of AI systems (like in the Robotics Foundation Model by Covariant) and (far in
the future) robots equipped with cognitive aspects [18,27,33,34]. In general, the
main reason for such rapid robotization is to increase productivity while saving
costs [29], mainly through faster and more precise manipulation of objects.

Note that, the industrial definition of a robot, specified by ISO 8373:2012
norm, shows that a robot is ‘a multifunctional, reprogrammable, automatically
controlled manipulator, programmable (. . . ) for use in industrial automation
applications’. From the above definition, it follows that a robot is mainly designed
to manipulate objects. However, the stand-alone robot itself is nothing without a
specified tool attached to its flange.

The tools of the production robots play a crucial role in enabling their inter-
action with the environment and performing various tasks. Most robots may be
adapted to a certain task by changing a tool and reprogramming their trajectories.
Among the most common tools, we can distinguish grippers (the most numerous
group), welding, painting, and other special-purpose tools. Since the main pur-
pose of the industrial robot is the manipulation of objects, the grippers constitute
a fundamental element. Thus, in parallel with the robotization of enterprises,
methods of grasping objects have also been developed.

In general, grippers, based on the type of origin, can be distinguished as an-
thropomimetic, biomimetic, and other (not biomimetic nor anthropomimetic) [6].
On the other hand, they can also be categorized by the gripping method: mechan-
ical, magnetic, vacuum, with elastic chambers, air jet; or by drive type: electric,
hydraulic, pneumatic, magnetic, drive-less [25]. The grippers may also be diver-
sified by the finger types as soft or hard. However, the most commonly known
classification is based on the gripper configuration, it includes [51]:

• one finger (a vacuum-based sucker),
• two fingers (most common one),
• three fingers (with different configurations),
• soft, flexible fingers,
• adaptive multi-fingers,
• grain-filled ball grippers.
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Among many grippers manufacturers, the key players should be distinguished:
SCHUNK, Thinkbot Solutions, KCC, OnRobot, SMC, DH-Robotics, and Festo
Corporation [24]. The source shows that the 2-finger grippers are the most used
on the market (about 43%), followed by 3-fingers (35%), and 4-fingers (22%).
However, it does not include single or multiple vacuum grippers. The robotic
grippers market can be estimated at 1.7 billion USD in 2023, and it should reach
4.3 billion by 2033 [30].

A statistical review ‘of pneumatic, parallel, two-finger, industrial grippers’
can be found in [4]. The paper shows that most of the 2-fingers grippers on the
market have a similar characteristic – limited force and small stroke. Another
broad review of the state of the art of robotic grippers and their applications can
be found in [54]. From an agricultural point of view, a review of gripers and
methods of object grasping is presented in [61]. On the other hand, there are
plenty of scientific works about soft grippers. Their review can be found in [23].
Note that the soft grippers are quite adaptive, and they can be used in grasping
different-shaped objects.

Despite the broad range of gripper types, there is no universal one [3]. De-
signing a universal grasping system capable of adapting to different objects poses
a challenge from both a technical and algorithmic perspective [22].

From a mechanical point of view, several attempts have been made.
Namely, [31] designed a two-finger gripper equipped with a sliding suction
mechanism. Another approach, presented in [37], is based on three reconfigurable
fingers that can be clasped in two different methods. A similar approach can be
found in [32]. There also exists a four-finger gripper with reconfigurable fin-
gers [40]. The authors show that their gripper can perform five types of grasping,
namely: caging, parallel pinch, thumb-three finger, clasped, and t-shape grasping.
Another modern approach to the design of grippers is presented in [38], where
the authors show the concept of anthropomimetic fingers. Another gripper with
adaptive fingers can be found in [15], where the authors show different types of
two-fingers grasping, and compare them to available grippers.

Currently, there are also a few adaptive, reconfigurable grippers on the global
market. These are mainly based on similar concepts (three fingers, their rotation,
and two types of grasping). Among them, we can list products of the Robotiq,
OnRobot, Barret, and Neobotix companies, and the open project of the T42
gripper.

Based on the websites, articles, and additional materials such as videos, both
groups of adaptive grippers perform quite well when grasping a single object. A
key issue for robust grasping is therefore an algorithm capable of analyzing the
physical properties of an object to effectively determine the appropriate grasping
technique.

https://robotiq.com/products/3-finger-adaptive-robot-gripper
https://onrobot.com/en/products/3fg15-three-finger-gripper
https://advanced.barrett.com/barretthand
https://www.neobotix-robots.com/products/robot-gripper-1/three-finger-gripper
https://www.eng.yale.edu/grablab/openhand/model_t42.html
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1.1. Motivation and background

The primary objective of our study is to create a flexible stand that integrates an
articulated robot capable of autonomously picking various unknown objects from
a stack and performing automatic sorting based on their visual features. In recent
research, we have designed a robotic stand based on an articulated manipulator,
which provides 6 Degrees of Freedom (DoF) and collision detection [10]. For
our current research, we used a Delta DRV90L manipulator. The manipulator has
been equipped with a specific four-finger gripper (Fig. 1) with 3 different working
modes, enabling it to pick objects from a stack located within the working area
of the ZIVID-2 camera. We used a fine-tuned neural network inspired by the
SF-Mask RCNN (Synthetic Fusion Mask Region-based Convolutional Neural
Network) architecture to analyze the objects on a stack [2]. Such a neural network
can perform RGBD (Red Green Blue Depth) image segmentation [11], allowing
us to identify and isolate the topmost object in the stack. Subsequently, we
calculate the gripping points for the selected object and choose the grasping type.
This part is further described in the current paper. Once the object is grasped,
it is transferred to the vision station. This station is equipped with three RGB
cameras, which are accompanied by appropriate lighting conditions to facilitate
accurate object perception. By incorporating these components and techniques,
our robotic stand demonstrates the ability to effectively handle objects from a
stack.

Figure 1: Our four-finger gripper with 3 different working modes: single
sliding finger with a suction cup, two standard parallel fingers, or three
for grasping rounded objects

1.2. Motivation and structure

This research paper involves comparing different types of grasping algorithms
presented in the literature and evaluating their performance. Our main goal is to
create a grasping system that is not only efficient and precise but also flexible and

https://www.deltaww.com/en-US/products/Articulated-Robot/3816
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capable of handling diverse grasping scenarios, applicable across a wide spectrum
of robot-assisted applications. Since ‘It’s really hard to decide the grasp when we
do not have the full object geometry’ [13], we propose a new algorithm based on
the analytics of object geometry seen from an RGBD camera. The algorithm is
partially based on machine learning and image processing techniques. It enables
the robot gripper to adapt to diverse grasping scenarios.

The paper is organized as follows. The next section describes the state of
the art in systems for computing grasp points, while its subsections present a
few examples of such systems in detail. The proposed algorithm is introduced in
Section 3. Further on (Subsection 4.1), we will find the outcomes of comparative
manual tests along with an analysis of the results. The real-world test can be
found in Subsection 4.3. The article is finally concluded in the last section.

2. Related work

Since the Industrial Revolution, there has been an ongoing drive to enhance
the autonomy and multifunctionality of industrial robots. Many solutions have
arisen to facilitate the advancement and bolstering of these aspirations. Effectively
manipulating and transferring objects requires the implementation of several
algorithms: object detection, its position estimation, and designation of grasping
points.

The article [13] thoroughly describes this process, providing an overview of
methods for each of these elements. The authors, present the methods employed
in achieving each stage, through an extensive literature review. They conclude
that there are still significant challenges in each of these stages. In general, the
influence of occlusions and missing geometry of the objects in the data acquisition
phase is still too high on grasping algorithm decisions. ‘It’s really hard to decide
the grasp when we do not have the full object geometry’ [13]. Another very
important aspect is the lack of datasets concerning object position and grasp
estimation for the machine learning methods. Moreover, some machine learning
algorithms show poor generalization and struggle with new objects. The last
remark shows that transparent objects are very difficult to analyze by vision
algorithms.

According to [59], methods for grasp point estimation may be categorized
according to the availability of knowledge – full and limited. Complete knowl-
edge means that the grasping system has a full 3D model of the objects available,
thus, it knows all of the surfaces and geometries of the objects. Such an approach
is used, for example, in [19, 55, 66]. On the other hand, there is a real-world
approach, where data is typically derived from depth-sensing cameras. As a con-
sequence, the grasping system does not know the shape of an object. Occlusions
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and obstructions of objects may affect the grasping. Examples of methods based
on incomplete knowledge can be found in [21, 35, 41, 57, 64].

A broad review of different grasping methods through the years can be found
in [62]. The researchers conclude that analytical methods require complete knowl-
edge of the model and certain simplifications but are more stable than data-driven
methods.

Methods for grasp point estimation can also be distinguished according to the
type of algorithm into analytical, supervised learning and reinforcement learning
(both supervised and reinforcement are types of machine learning). Usually, ana-
lytical algorithms go hand in hand with complete data. On the other hand, artificial
intelligence methods, namely, artificial neural networks, require large datasets,
extensive data annotations, but are able to deal with uncertainty in effectively
detecting grasps for new objects. Methods employing neural networks for grasp
computation can be found in [7–9, 35, 55, 56, 64]. Methods based on geometric
analysis can be found in [19, 21, 57]. Additionally, distinct algorithms utilizing
reinforcement learning can be identified [44, 46, 60]. However, this necessitates
the creation of complex environments, and training is time-consuming. They lack
good generalization, but are potentially useful where complete knowledge of the
robot’s working environment is available.

Conversely, in the work by [59], the authors tackle the time-consuming anno-
tation problem by transferring knowledge from one annotated object to similar
ones via learning templates and variations from the template, then creating a
model to transfer and refine grasps for objects.

Our work focuses on utilizing point clouds to compute grasp points, similar
to the studies [21, 55, 57, 64], yet the final algorithm for grasp determination
does not rely on neural network models and does not leverage knowledge of
object models but rather estimates complete object models and determines grasps
through geometric analysis.

Based on the literature review and similarities in the problem, four algorithms,
described in [1, 35, 53, 57], were selected for further tests. These algorithms
involve computing grasp points for a robot with a two-fingered gripper using an
RGB/RGBD camera. The availability of source code to reproduce the research
results was another crucial element in the selection. Note that the code was
unavailable for one of the selected works, [57], so it was implemented manually.

2.1. Deep CNN-based architecture (DNN)

The method described in [1] is based on a neural network architecture. The
deep neural network architecture operates on standard color – RGB (Red Green
Blue) – images only. The main backbone of this architecture is based on a slightly
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modified ResNet-101 (Residual Network) [20] with a Feature Pyramid Network
(FPN) [39] and Inplace Activated Batch Normalization [49]. The backbone ex-
tracts feature maps from the input color image. These maps serve as inputs for
grasp detection and image segmentation. Further, grasp detection is based on a
Faster R-CNN [48]. It uses a Region Proposal Network (RPN) to estimate re-
gion rectangles (only axis aligned), and a grasp detection head with two outputs
– grasp orientation and fixed bounding box predictions. In parallel, the seg-
mentation branch uses Mini-DeepLab. Finally, the grasping candidates from the
grasping head are refined by fusing the segment information and processing them
by MLP (Multi-Layer Perceptron) with five outputs for each grasp candidate.

The authors tested their approach on the three datasets:
• Cornell Grasp Dataset – 885 RGB-D images with a resolution 640× 480 of

240 graspable objects [28, 36].
• Jacquard Dataset – 54 k synthetic RGB-D images of 11 k graspable ob-

jects [12].
• OCID (Object Clutter Indoor Dataset) – which includes more than 1.7 k

images with 11.4 k segmented objects and 75 k possible grasps [52].
In the first dataset, the authors achieved 98.2% accuracy using 5-fold cross-
validation. On the second dataset, the discussed approach achieved 92.95%,
while on the OCID dataset, the accuracy was 89.02%.

The accuracy was measured according to the correct grasp, defined as:
• the difference between the predicted grasp angle and the ground truth grasp

angle is less than 30◦,
• the IoU (Intersection over Union) calculated between the ground truth and

prediction bounding rectangle is more than 25%.
Note that such a metric is highly uncertain for the real grasping purpose, espe-
cially in case of very complex objects. Moreover, the grasp accuracy measured
according to the manually selected ground truth is not always translated into ac-
tual grip, in general. The most valued tests are based on the efficiency of grasping
by real manipulators.

2.2. GraspNet

In the article [53], the authors propose a model for six Degree-of-Freedom
(DoF) grasping of an unknown object in a cluttered space based on partial
observation of a point cloud scene. They used a modified PointNet++ network [47]
to build ‘an asymmetric U-shaped network’. The network has input of 20 k 3D
points and can predict the grasp representations (in the form of 6-DoF). It was



96 M. CZUBENKO, P. ŁYCZKO, R. OKUŃSKI

trained on 17.7 million synthetic grasp scenes, where the objects were based on
the ACRONYM dataset (8.8k different object meshes) [16].

After training the network, the authors achieved 90% effectiveness in picking
real objects based on RGB-D images from an Intel RealSense L515 LiDAR
camera and a 7-DoF Franka Panda robot with a parallel-jaw gripper.

2.3. Generative Residual Convolutional Neural Network (GRCNN)

The method described in [35] relies on the Generative Residual Convolutional
Neural Network, which processes 𝑛 channel input. The pre-processing stage
makes sure that the input is at an appropriate resolution and fixes the number
of channels, thus the network can use RGB and/or Depth channels. Further, the
network generates three images that correspond to the grasp angle, width and
quality. The post-processing stage of the algorithm is responsible for the final
grasp pose calculation.

The authors evaluated grasps on two of the standard datasets mentioned earlier:
the Cornell and Jacquard datasets. They achieved, respectively, accuracies of
97.7% and 94.6%. The method was also evaluated in a real application using a 7-
DoF Baxter Robot by Rethink Robotics and an Intel RealSense D435 camera. The
real-world testing showed accuracies of 95.4% and 93%. The positive prediction
was defined as well as in Section 2.1.

2.4. Grasp Pose Estimation (GPE)

Another method can be found in [57], which employs a four-stage grasp
detection procedure based on a point cloud collected from a Kinect camera.
Initially, using a point cloud, object boundary points are detected and mapped onto
the image plane. Subsequently, the object’s centroid and skeleton are determined.
Further, multiple grip locations are identified along the object’s skeleton. Finally,
the best grasp is selected from the grip locations represented by drawn rectangles.
The approach has been tested with the UR10 robot. The report shows results from
a real test as a grasping accuracy of 88.16% and 77.03%, respectively, for distinct
and cluttered objects. Part of this method was adapted in our approach for the
suction cup grasping.

3. Grasping point algorithm (GPA)

The whole bin-picking process starts with image acquisition from the ZIVID-2
camera pointed at the stack of objects. The image is processed by camera software
to obtain a point cloud and normal array. Further, the data are transformed into
a robot coordinate system using a hand-eye calibration algorithm. The process
of the Grasping Point Algorithm (GPA, presented in Fig. 2) starts after the stack
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image segmentation using the SF-mask RCNN described in [2, 11]. The result
of the SF-mask may be depicted as 𝑚 different image segments {𝑃1, 𝑃2, ..., 𝑃𝑚},
which should usually correspond to different objects in the stack. Since the RGB
image is linked to a point cloud, the segments can be also represented in 3D space.
The index of objects is assigned by the SF-mask neural network and further used
to estimate the grasping order by the queue method described in Section 3.1. The
grasping order should reduce the possibility of collisions during object picking.
Note that the first object processed by the GPA should be the highest and most
coherent on the stack. The queue method also takes this into account.

SF-mask
segmentation

camera RGB-D
(image, pointcloud, normal array)

object
shape estimation

suction cup fast 3-finger

cluster bounding box

oval
sphere

irregularity
estimation

queue algorithm

failure

picking

Figure 2: Block diagram of the decision-making process

Subsequently, for the best-selected object 𝑏, normal array 𝑁𝑏 is used to calcu-
late its sphericity and ovalness; a more detailed description is given in Section 3.2.
If the object exhibits the above-mentioned characteristics, the grasping points are
calculated using the Fast Three Fingers (FTF) algorithm described in Section 3.4.
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Otherwise, grasping points for the Suction Cup (SC) are computed (Section 3.3),
as this type of grasping is the most stable and takes less computation time for
the majority of objects. If the algorithms fail to find grasping points or their
quality is not good enough for the grip, another attempt is calculated, based on a
two-fingered grip.

Firstly the irregularity parameter of the considered object is calculated based
on its flat surfaces. If the object consists of large (in terms of object dimensions)
flat surfaces, the Cluster (Section 3.5) algorithm for two-fingers is computed, as
it performs well with large clusters. For irregular objects with many side walls
and irregular upper surfaces, the Bounding Box (BBox) algorithm (Section 3.6)
is applied.

After each method, the quality of all proposed grasping points is calculated
(selectively for the type of grasping). The best points are also validated by simple
collision detection with other objects. The colliding grasping points are simply
removed from the list. Finally, if at least one valid point is identified, it is converted
to robot tool coordinates, and the object is picked.

3.1. Establishing the order of objects for grasping

Our algorithm uses the point clouds 𝑃 of all segmented objects to determine
the grasping sequence. The proposed method examines points belonging to object
𝑖 (𝑃𝑖), and computes several parameters, namely: mean height ℎ𝑖, continuity 𝑐𝑖,
and surface 𝑣𝑖. The aspect of the proximity of other objects or the environment is
also taken into consideration as 𝑒𝑖.

The height of object 𝑖 is calculated based on the average of 90% of the lowest
points, using their 𝑧 coordinate values (distance from the robot base). The highest
points are not considered to mitigate the impact of noise that may arise due to
camera inaccuracy. The calculated height is normalized. This metric favors the
highest objects as they have the smallest chance of collision with other items.
Such objects should also have a more accurate point cloud as the other items
should not obscure them.

The volume parameter 𝑣𝑖 is estimated based on the number of points from
the segment. Bigger items give more opportunities to be grasped than very small
objects. They are also less likely to be obscured by other objects.

Continuity 𝑐𝑖 is calculated with the DBSCAN algorithm [58]. The continuity
value is high when an object is divided by the algorithm into one big cluster, and
it is low when a few small clusters are found. This parameter highly penalizes
objects lying under other items as they are less likely to be successfully picked up.

The surroundings of the object 𝑖 are examined by determining an oriented
bounding box parallel to the global 𝑋 , 𝑌 , 𝑍 axes. The environmental parameter –



ESTIMATION OF GRASP TYPE AND DETERMINING GRASPING POINTS
FOR ADAPTIVE GRASPING DEVICE 99

𝑒𝑖 – is calculated as the proportion of points inside the bounding box belonging
to the object 𝑖, and the other points. If the value for the environment parameter is
low, the probability of potential collision increases.

The final object parameter is calculated according to the formula:

𝑔𝑖 = (ℎ𝑖 + 1) · 𝑐𝑖 · 𝑒𝑖 · 𝑣𝑖 , (1)

where:
𝑔𝑖 – parameter of the order for an object 𝑖
ℎ𝑖 – normalized height of the object 𝑖
𝑐𝑖 – continuity value of the object 𝑖
𝑒𝑖 – surroundings of the object 𝑖
𝑣𝑖 – volume parameter of the object 𝑖.
The results are sorted in descending order by the 𝑔 parameter. The object with
the highest 𝑔 value is considered the best candidate for picking.

3.2. Sphericity and roundness of an object

The three-finger gripper option works best when handling spherical, cylindri-
cal, or in general, rounded-shaped objects. Based on the paper [5], the sphericity
parameter – 𝜌 – can be calculated from the distribution of normal vectors for 3D
points of the selected object.

The normalize normal vector for each point along each axis is assigned to
corresponding intervals 𝑛axis within the range ⟨−1, 1⟩. The number of intervals
𝑛axis has been set to 200. The frequency of intervals is normalized by dividing
them by the total number of points. Based on the data, three histograms – 𝐻𝑥 , 𝐻𝑦,
𝐻𝑧 – (one for each axis) are created. The function parameter 𝜌 can be described as:

𝜌𝑖 =

∫ 1
−1(𝐻𝑥 + 𝐻𝑦 + 𝐻𝑧)

3
. (2)

The roundness of the object, 𝜙, is computed using the direct point cloud of
the object. All points are projected onto a two-dimensional plane. Further, the
convex hull is computed by the standard Jarvis algorithm [26]. The convex hull
points are used to obtain the perimeter (𝑟ℎ𝑢𝑙𝑙𝑖) and convex area (𝐴ℎ𝑢𝑙𝑙𝑖) by the
shoelace algorithm. The circularity value of the object 𝑖 is calculated as:

𝜙𝑖 =
4 · 𝜋 · 𝐴ℎ𝑢𝑙𝑙𝑖

𝑟ℎ𝑢𝑙𝑙2
𝑖

. (3)

For a perfect circle, this value is equal to 1.
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3.3. Suction cup algorithm (SC)

The algorithm for determining the grip for the suction cup (one gripping point)
was based on [57], as described in Section 2.4. The main differences include data
source (using only point cloud data) and gripping method (only a suction cup).
The scheme of the algorithm is presented in Fig. 3a.

doubled DBSCAN

plane equation (RANSAC)
and trasformation (2d)

contour finding skeletonization

filtering and verification

flat surfaces
(3d)

surfaces
masks (2d)

image processing
(mask, opening)

images (2d)

centroid grasping points

(a) Suction cup algorithm
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(b) Three finger algorithm
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(c) Cluster algorithm
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(d) Bounding box algorithm

Figure 3: Details of used algorithms
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Firstly, on a segment of the 𝑖-th object, we are searching for flat surfaces
without any holes or cavities. To identify these surfaces, the parallel implemen-
tation of the DBSCAN algorithm is applied [58]. The initial point cloud for the
DBSCAN algorithm is pre-processed by adding an additional channel to each
point – its normal vector multiplied by a large scalar. This operation helps us to
divide the point cloud of an object into similar surfaces.

The resulting clusters are once again passed through the DBSCAN algorithm,
this time in original form (without additional normal coefficients). Similar sur-
faces are divided if there is a space between them (Fig. 4c). Further, we use the
RANSAC algorithm [65] to calculate the equations of the surfaces found in the
previous step.

Potential grip points are determined separately for every flat face. Firstly, the
points are projected onto the XY plane. Further, a two-dimensional grid mask is
created, where each point from the transformed surface is assigned to a single
pixel as its approximation (Fig. 4d). The resolution of the grid is chosen arbitrarily
(1 mm per pixel). The obtained mask image is transformed with a morphological
operator – opening (erosion followed by dilation) using a structuring rectangle
with kernel shape 3 × 3. The centroid of the mask is calculated, as an obvious
grasping candidate. Further, the mask is skeletonized by the algorithm in [63]
(Fig. 4e). The skeleton of the surface is used exactly as in [57].

(a) RGB image (b) Point cloud (c) Detected surface

(d) 2D grid mask (e) Object skeleton (f) Filtered grasping points

Figure 4: Suction cup grasping computation steps
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The suction cup is represented as a binary circle with a radius corresponding to
the suction cup installed on the robot and the chosen resolution of a surface grid.
For each potential grip point, the logical and operation is performed between the
obtained mask and the binary representation of the suction cup. Such filtering is
intended to eliminate any openings (within each grip point that would cause air
to escape) and points lying too close to the edges of the surface (Fig. 4f). Further
filtering also includes the distribution of the transformed 𝑧 coordinates in the
vicinity of the gripping point, which determines the irregularity of the surface.
The obtained results are transformed back to the original robot coordinates. Based
on the plane equation, we calculate the gripping angle for the suction cup.

Finally, the potential grasping points are validated. For the suction cup, the
most critical quality parameter is the Euclidean distance from the object’s centroid
(CoG) – 𝑑𝐶𝑜𝐺 . In general, a suction cup should aim to catch the object at its center
of gravity. The further away from the center, the less stable the grasp may be, and
more force is needed to lift the object.

3.4. Three finger algorithm and its acceleration (FTF)

As was mentioned earlier, a three-fingered gripper can lift round objects (such
as a ball, an egg, or a cylinder), which is its advantage. Such a conclusion can
also be derived from the literature, e.g. [50], where the ‘basic mode’ works for
rounded objects.

With a circular object, just like with a suction cup, the robot approaches the
object at a right angle to the plane on which the grip points are located. The
algorithm is presented in Fig. 3b, where the ‘slow’ path is an original concept,
and the ‘fast’ path is further modified and currently working on a robot.

Our algorithm (TF – Three Finger) to calculate grasping points for rounded
objects (Fig. 5a and Fig. 5b) is based on the fact that such objects can be approxi-
mated to a certain ellipsoid. Initially, the point cloud is downsampled and filtered
(outliers are removed) (Fig. 5c). Subsequently, we use the DBSCAN algorithm to
select the largest points cluster. The algorithm searches for quasi-bounding circles
within a several fixed height range of the cluster points. The Cayley transform
ellipsoid fitting (CTEF) algorithm [43] estimates the ellipsoid function from the
calculated circles. Next, a mesh grid is created, and for each grid square center,
a grip point is estimated with the next two points at 120◦ and 240◦ apart.

Due to the high computational complexity and long time of these calculations,
the algorithm has been modified to improve its speed (FTF – Fast Three Finger).
Instead of estimating a paraboloid, we use the knowledge of the object’s vertex
(highest point – green dot in Fig. 5c), its edges, and centroid. Thus, the problem
of shape estimation can be reduced to a two-dimensional bounding ellipse cal-
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culation. The obtained ellipse provides the parameters of the bounding cylinder
(Fig. 5d). To get potential grasping points, several circles are placed every fixed
distance on the sidewall of the cylinder. Next, all circles are divided into slices of
a fixed angle. The grasping points are the intersection points of these operations.
As was mentioned above, grip points are connected in a set of three points every
120◦, as shown in Fig. 5e as triangles. Note that circular objects must be gripped
below its widest point.

(a) RGB image (b) Point cloud
(c) Filtered point cloud with
highlighted (green) top point

(d) Estimated cylinder walls (e) Potential grasps

Figure 5: Three fingers grasping computation steps

This algorithm, besides spherical objects, can determine grasping points for a
cylinder, skipping the height determination step. Instead of estimating the ellipse,
the lowest and highest points of the cylinder are determined.

For the three-fingered grip, the grasp quality parameter primarily revolves
around the depth of the grip – 𝑑grip. The object must be gripped as low as possible
to ensure it stays firmly in the gripper without slipping out during transportation.
The grasp depth is calculated as the Euclidean distance between the highest point
of the object and the mean value of the proposed grasping point.
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3.5. Cluster based algorithm (Cluster)

The scheme of a cluster-based algorithm for a two-fingered gripper is pre-
sented in Fig. 3c. This algorithm, similar to the suction cup method described
earlier, is based on surfaces found by DBSCAN (Fig. 6c). In this case, for a two-
fingered gripper, the flatness of surfaces is not strictly necessary for computation.
The surfaces found are projected onto a two-dimensional plane. For each surface,
its contour is calculated by applying the alpha shape algorithm [14] (Fig. 6d).
Close contours are joined together to simplify the computation, which also re-

(a) RGB image (b) Point cloud
(c) Detected faces and

geometric center of object

(d) Contours of detected
faces (e) Walls (f) Split walls

(g) Grasping points with
geometric center of object (h) Projection points (i) Estimated grasps

Figure 6: Cluster algorithm computation steps
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duces the number of potential bad gripping points and decreases the possibility
of collision between the object and the gripper’s fingers.

Next, abstract vertical walls are formed based on subsequent points belonging
to the contours of selected surfaces (Fig. 6e). Their height is predefined. To
increase the subsequent number of grip points, wide walls are divided to match
the average width of the wall (Fig. 6f). Further, the algorithm searches for pairs
of quasi-parallel walls by comparing the angle between their normal vectors.
Two walls are considered quasi-parallel if the value of the 𝜃 angle is within the
accepted range – ⟨0◦, 15◦⟩ and ⟨165◦, 180◦⟩. For each pair of parallel walls, an
additional check is carried out to determine if the walls intersect, using their
projection into a two-dimensional plane.

The geometric center of the analyzed point cloud is also determined. Further,
the algorithm analyses each pair of parallel walls. The centroid of the considered
object is projected onto the walls to create so-called projection points. If the
projection points lie inside both examined walls, they are considered as grasping
points (Fig. 6g). If one of the projection points is not within the wall area (Fig. 6h),
the top edges of the walls are rotated to make them parallel to the x-axis. Further,
the median of the 𝑥 coordinates is calculated along with the 𝑦 coordinate for the
‘upper’ edge of the wall for the selected 𝑥 value. Such a median is projected back
to real coordinates and added to the list of potential grip points. All estimated
grasping points are shown in Fig. 6i.

The quality of the grasping points is influenced by both the depth and the
distance to the object’s centroid. Thus, the quality parameter is calculated as an
average of the distance from the centroid and the grasp depth. This refers to
providing the biggest grasping area while minimizing the potential force required
to lift the object.

3.6. Bounding Box (BBox) algorithm

The Bounding Box algorithm involves estimating a 3D bounding box around
an object. The algorithm is depicted in Fig. 3d. Similarly to the previous al-
gorithm, to determine the boundaries, the point cloud is initially downsampled
and filtered (Fig. 7a). Further, the points are projected onto a two-dimensional
plane. Similarly, as in the suction cup algorithm (Section 3.3), a 2D mask is
created based on a projection and the minimal quadrilateral area surrounding
the resulting figure is determined. The four corners of the envelope on the two-
dimensional plane are transformed back into their corresponding points in 3D
space. This process determines the four upper vertices of the bounding box.

The lower vertices have the same 𝑥 and 𝑦 coordinates as the upper ones, while
their 𝑧 coordinate is determined using the geometric center𝐶𝑜𝐺 and the maximal
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𝑧 vertices:

lower𝑧 ( 𝑗) = upper𝑧 ( 𝑗) − 1.8 · (max 𝑗 (upper𝑧) − 𝐶𝑜𝐺𝑧), (4)

where 𝑗 ∈< 1, 4 > is the index of the corner, and 𝑢𝑝𝑝𝑒𝑟 or 𝑙𝑜𝑤𝑒𝑟 are the
appropriate coordinates (Fig. 7d).

(a) Point cloud (b) 2D projection of object
points

(c) Calculated minimal
rectangle

(d) Estimated bounding box (e) Split bounding box (f) Estimated grasps

Figure 7: BBox grasping computation steps

For each of the four sides of the resulting object, 𝑛 finger-width walls are
determined (Fig. 7e). For each pair of walls, our algorithm checks their parallelism
(by comparing their normal vectors) similar to Section 3.5. Parallel walls are also
checked to determine whether they lie opposite each other. Further, the median of
the 𝑥 coordinates of the upper edges is used as a potential grip coordinate, while
its 𝑦 coordinate is determined by the 𝑦𝑚𝑖𝑛 and 𝑦max coordinates. The grip height
is simply the 𝐶𝑜𝐺𝑧.

The quality of the grasping points in the bounding box algorithm is the same
as in the previous method.
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4. Tests and their results

To properly assess the quality of the algorithms and the effectiveness of the
final version of the proposed GPA algorithm, a number of tests were carried
out. The component functions of the GPA algorithm (namely SC, FTF, Cluster,
and BBox) were compared with algorithms available in the literature and Git
repository. At the same time, an entire pick and place station was tested by moving
100 different stacks of 25 objects each. To thoroughly analyze the algorithm’s
inaccuracies, a single object transfer test was also performed.

4.1. Comparison of algorithms

To compare the described (Section 2) and implemented functions in our
algorithm (Section 3), each of them was tested on objects (Fig. 8) of different
shapes, using the generated grasping points. Note that the described algorithms
from the state-of-the-art section are designed only for a two-fingered gripper. Thus
in certain cases, e.g. a ball, they may not provide any results. As was described
earlier, the quality of the grasp can be evaluated as the distance from the center
of gravity and the depth of the grasp. The results of such a metric for each of the
fifteen described objects are detailed in Table 1 and Table 2. Figure 9 presents
examples of grasping points determined by the algorithms, indicating how the
gripper approaches to pick up the object.

Figure 8: Objects for test algorithms

According to Table 1, the GRCNN algorithm proposes grasping points far
away from the CoG of the object. The majority of such grasps are not valid
and are efficient. The GPE algorithm achieves quite good results. Its distances
are similar to Cluster and BBox algorithms, however, in certain cases, the GPE
algorithm did not generate any points, like with the toy soldier. Note that the toy
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(a) GRCNN (b) GPE

(c) DNN (d) GN

(e) SC (f) TFT

(g) Cluster (h) BBox

Figure 9: Results of the estimated points to grasp by each of algorithms



ESTIMATION OF GRASP TYPE AND DETERMINING GRASPING POINTS
FOR ADAPTIVE GRASPING DEVICE 109

soldier is the hardest example to process. The DNN algorithm did not perform
well. Our assumption in that case is that the neural network had been trained for
different cases. On the other hand, the GraspNet had been trained on a bigger/more
varied dataset since it worked better for 12 cases.

Table 1: Average distance in mm of grasps from CoG of the objects for different algorithms
(the lower the better). The number of positive estimations (any estimation near object) out of 5
attempts is given in brackets

Object no. GRCNN GPE DNN GN SC FTF Cluster BBox

1 (toy car) 47.62 (2) 4.51 (5) 16.94 (1) – (0) 15.33 (5) 1.61 (5) 4.91 (5) 7.94 (5)

2 (cube block) 50.41 (2) 5.61 (4) – (0) 11.72 (3) 0.81 (5) 0.74 (5) 4.81 (5) 3.25 (5)

3 (white corner) 21.12 (2) – (0) – (0) 8.88 (5) 13.18 (5) 3.23 (5) 6.27 (5) 8.64 (5)

4 (aluminium corner) 48.79 (1) 3.22 (3) – (0) 15.91 (2) 1.39 (5) 3.2 (5) 9.66 (5) 4.67 (5)

5 (beacon) 41.58 (2) 3.36 (5) – (0) 4.8 (1) 4.86 (5) 1.8 (5) 3.9 (5) 4.45 (5)

6 (cylinder block) 9.75 (1) 2.5 (4) – (0) 10.04 (5) 2.07 (5) 1.24 (5) 1.94 (5) 3.47 (5)

7 (handle) 47.4 (1) 16.02 (4) – (0) 41.57 (1) 29.77 (2) 11.94 (5) 21.7 (5) 40.9 (5)

8 (PG29 gland) 16.58 (2) 15.5 (2) 2.55 (4) 3.57 (5) 10.66 (1) 2.58 (5) 2.24 (3) 1.9 (5)

9 (ball) 52.74 (1) 20.73 (2) – (0) 5.08 (5) – (–) 4.27 (5) 6.49 (5) 21.71 (5)

10 (aluminium frame) 56.91 (1) 2.65 (3) – (0) 10.98 (3) 11.29 (4) 1.69 (5) 3.88 (5) 3.11 (5)

11 (bridge block) 32.35 (3) 8.57 (3) – (0) 26.55 (5) 12.9 (5) 3.06 (5) 5.73 (5) 5.7 (5)

12 (toy soldier) 60.42 (1) – (0) – (0) – (0) – (–) 2.33 (5) 4.13 (5) 4.69 (5)

13 (half of cylinder) 46.12 (1) 3.37 (4) – (0) 14.21 (4) 1.82 (5) 2.73 (5) 2.81 (5) 1.93 (5)

14 (plastic detail) - (0) 7.1 (1) 21.15 (2) – (0) 3.98 (5) 0.75 (5) 1.64 (5) 9.2 (5)

15 (M20×1.5 gland) 50.92 (1) 7.45 (1) 3.69 (2) 6.44 (5) – (–) 1.04 (5) 1.3 (5) 1.3 (5)

For the Suction Cup algorithm, the distance from the CoG is crucial, however,
the most important parameter is that the grasping point should lie on a flat,
nonperforated surface. In some cases, the metric is similar to the FTF algorithm.
The FTF algorithm achieves the minimal distance from the CoG, which is natural
for the case of three fingers. The Cluster and BBox algorithms stay in the middle,
showing (for most cases) quite a good distance from the CoG.

The grasp depth shown in Table 2 is quite an important parameter. In theory,
the best grasping points are the deepest ones. In our cases, the grasping points
should lie on the bottom half of the objects. The gasping points near the top sur-
faces are most vulnerable to accidentally slipping out of the grip. Note that since
the Suction Cup works only for top surfaces, its grasping depth as a parameter is
useless.
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Table 2: Average grasp depth in mm of grasps for different algorithms. The depth of each object
is presented in column ‘h’. Note that the grasp depth is measured before the system checks the
environmental conditions, such as obstacles

Object no. h GRCNN GPE DNN GN FTF Cluster BBox

1 (toy car) 18.2 8.58 6.75 14.26 – 22.49 10.89 6.56
2 (cube block) 28.6 2.16 7.54 – 12.96 36.77 7.33 4.3

3 (white corner) 38.6 8.77 – – 27.79 35.96 23.71 15.22
4 (aluminium corner) 24.4 12.54 5.68 – 21.04 27.91 6.43 4.78

5 (beacon) 22.8 5.77 6.53 – 34.8 32.16 7.26 5.1
6 (cylinder block) 59.2 29.79 5.42 – 20.09 38.72 6.81 7.45

7 (handle) 22.7 0.01 6.72 – 21.26 31.53 6.56 4.55
8 (PG29 gland) 47.2 2.85 9.64 3.16 25.17 33.03 18.11 18.45

9 (ball) 65.0 49.7 4.35 – 34.78 33.2 22.27 5.11
10 (aluminium frame) 29.2 15.17 13.09 – 19.79 34.05 8.27 5.94

11 (bridge block) 29.9 14.96 6.07 – 16.83 34.11 6.43 5.34
12 (toy soldier) 17.8 11.34 – – – 20.39 11.2 11.02

13 (half of cylinder) 29.5 15.07 6.09 – 18.41 32.8 7.68 5.77
14 (plastic detail) 9.2 – 9.72 7.66 – 13.81 7.33 3.35

15 (M20 × 1.5 gland) 35.9 38.43 44.34 38.71 14.9 19.74 11.99 11.99

For objects 4, 6, and 9–13, the GRCNN shows the depth of the grasping points
in the middle of the objects, which is very good behavior. However, for the other
objects, the grasp is too shallow. The GPE grasping points in general are also too
shallow. On the other hand, the depths of GraspNet’s points is quite good. The
grasping points do not extend the depth of the objects and they are more than
10 mm, thus the probability of slipping out decreases.

The FTF algorithm shows the grasping points at a depth bigger than the
object’s height. This phenomenon is caused by the fact that the gripper should
catch objects in the middle of its fingers. However, the grasp depth is measured
before the system checks the environmental conditions, such as obstacles. Thus,
the next step of the GPA algorithm is to check the obstacles and fix the depth of
the grasping points so that they do not exceed the depth of the object. The Cluster
and BBox algorithms show the depth at quite a nice level, sometimes too shallow
(like in the case of the aluminum corner).

In Table 3, the quality of the grasping point was evaluated manually on a
scale of:

0) the algorithm did not generate any grasping point,
1) the gripper will not catch the item (impossible grasp),
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2) there is a big chance that the gripped object will slide out,
3) the object will probably slide out during the movement,
4) there is a small chance of sliding out,
5) the gripper will catch the object without it sliding out (perfect grasp).

Table 3: Human evaluation of best grasp, graded 1–5, where 1 means that object can’t be gripped
while 5 is a perfect fitted grip

Object no. GRCNN GPE DNN GN SC FTF Cluster BBox

1 (toy car) 1 3.8 0.4 0 2.4 3 2.6 3.8
2 (cube block) 1 3.6 0 2.5 5 1.2 3.4 4.2

3 (white corner) 0.8 0.2 0 2.2 4 1 1.2 1.2
4 (aluminium corner) 1 1.4 0 0.8 5 3.4 2.2 2

5 (beacon) 0.6 3.6 0 0.4 5 3.8 1.6 3.6
6 (cylinder block) 0.4 2.4 0 2 5 5 2.2 1.8

7 (handle) 1 3.6 0 0.4 1.2 2.6 2 1.2
8 (PG29 gland) 0.4 1.2 1.6 2.8 0 5 2.2 3.4

9 (ball) 0.5 0.5 0 2.25 0 5 1.5 1
10 (aluminium frame) 1 3.25 0 0.5 2.75 3.25 3.75 4.5

11 (bridge block) 1 3.75 0 1 4 2.5 2.75 3
12 (toy soldier) 1 0 0 0 0 2 1.2 1.2

13 (half of cylinder) 1 2.25 0 1.5 5 3.5 2.5 2.75
14 (plastic detail) 1 0.75 0.5 0 4 1 2.5 3.25

15 (M20 × 1.5 gland) 1 1 1.6 3.6 0 5 3.2 3.2

average 0.85 2.09 0.27 1.33 2.89 3.15 2.32 2.67

Each object was analyzed five times in different positions and angles in a
workspace (the orientation of the objects did not change). The results of such
tests are presented in Table 3. In general, the GRCNN method almost always
generates a grasping point, however it is usually outside of the object. The GPE
method is most useful from the external ones. Its average score is similar to the
Cluster and BBox algorithms. The score of the DNN method is quite low since it
had been trained on a certain closed dataset where the objects were completely
different from those tested. This is the biggest disadvantage of using neural net-
works. On the other hand, in several cases, the Contact GraspNet (GN) gives the
best results. Especially in the case of the gland, GN proposes grasping points
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perpendicular to the planes of the nut but at a certain angle to the gland, which is
a very interesting approach.

For our partial algorithms, the results show that the FTF always works well
with round objects (which was the main assumption of this algorithm). If there
is a flat plane and a regular shape of the object, we should use a suction cup. The
Cluster and BBox algorithms work well for rectangular objects, however they
have some issues with irregular shapes. Moreover, they are not complementary to
each other. In most cases, they give similar grasping points. Thus, in the future,
they should be merged into one algorithm.

The state-of-the-art methods can only determine gripping points for two-
fingered grippers. Our expert’s evaluation shows that they strongly outperform
our methods in only two cases, for objects 1 and 7. Note that the GRCNN method
relies on a neural network [35], and in the case of objects other than those in
the training set, the grip may be inaccurately determined. The model lacks the
ability to generalize, which is a drawback and renders it unsuitable for these
studies due to the goal of adaptability to each type of object. Similarly, GraspNet
works quite well for several objects, while in other cases, the effect of the finite
learning dataset is also visible. On the other hand, the GPE method [57], based
on geometric analysis, performs better than any other state-of-the-art method.

Note that our final algorithm, GPA, consists of all four functions, which
complement each other depending on the type of object.

4.2. The environment

The Delta DRV90L robot with its controller box was used in the tests. RGBD
images were taken using a ZIVID2 camera. The robot and gripper were connected
to the host PC via the Modbus protocol, while the camera used Ethernet commu-
nication via the ZIVID API. The host PC was equipped with an Intel i7-11700F
processor, 32 GB of RAM and an RTX3060 graphics card.

Our tool, presented in Fig. 1, is an originally designed gripper with three
possible ways of grasping objects: a three-fingered, a two-fingered, or a suction
cup grip. The suction cup is centrally located on a pneumatic actuator. It extends
below the gripper’s fingers when it picks up an object and hides over the fingers
otherwise. The three fingers of the gripper are positioned at 120◦ intervals and
close by clamping towards the center. One of the gripper’s fingers can be rotated
around the gripper’s center axis, which allows it to align parallel to one of the re-
maining fingers, creating the two-fingered grip. Examples of object manipulation
by the gripper are depicted in Fig. 10.

https://www.deltaww.com/en-US/products/Articulated-Robot/3816
https://www.zivid.com/zivid-2
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(a) Three-finger gripper (b) Suction gripper (c) Two-finger gripper

Figure 10: Sample grips using different configurations

4.3. GPA algorithm test

Experiments involving the gripper’s object handling were conducted through
two scenarios: picking up individual objects from the workspace, and unloading a
stack of objects. In both cases, the mentioned manipulator was used. All tests and
grasping attempts were carried out under consistent environmental conditions in
a single location with constant lighting.

4.3.1. Individual test

In the first scenario, 80 diverse objects in terms of shape and color were
chosen (Fig. 11a). For each object, five attempts were made to pick it up. Thus,

(a) Individual objects (b) The objects from the stack

Figure 11: Objects used in tests
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the robot performed 400 grasping attempts. In each attempt, the objects were
positioned randomly.

For the individual object grasping experiment, a successful grasp involved the
robot transferring the object from the initial placement to predetermined location
– target storage box – and then releasing the object there. An unsuccessful grasp
was noted if the algorithm failed to determine the grasp, the gripper did not pick
up the object, the object slipped during transfer, or if it was not released at the
destination point.

After 400 attempts, the successful transfer of a single object was found to
occur in 91.25% of cases. The results divided into the gripper mode are presented
in Table 4. Table 5 contains information about the grasping mode selected for
different objects. Note that only 4 object were grasped in 5 attempts by three
different modes. The same table also shows that one object was very hard to
grasp – only one attempt was successful.

Table 4: Number of attempts made with a particular gripper mode

Gripper mode Number of attempts Successful attempts[%]

Suction cup 223 95.51

Two-finger 144 84.72

Three-finger 33 90.90

Table 5: Number of objects grasped by each gripper and number of successful attempts
at grasping an object

Selected gripper mode/s Objects Successful attempts Objects

Suction cup 27 5 51

Two-fingers 14 4 24

Three-fingers 3 3 4

Suction cup, Two-fingers 25 2 1

Suction cup, Three-fingers 1 1 0

Two-fingers, Three-fingers 6 0 0

Suction cup, Two-fingers, Three-fingers 4 – –

4.3.2. Stack unloading

In the second scenario, we tried to unload 100 different stacks composed of
25 distinct objects (Fig. 11b). We achieved a success rate of 92.24%. On average,
we moved about 23 objects from each stack. Our algorithm and robot achieved
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full success only 8 times – moved all objects from the stack to the destination.
The details of the test are presented in Table 6.

Table 6: Number of attempts for which a specific number of successful transfers occurred

Successfully placed objects Number of attempts
21/25 3
22/25 10
23/25 71
24/25 6
25/25 8

4.4. Discussion

Determining the appropriate gripper mode for objects and defining their se-
quence works optimally, but there is always room for improving the algorithm’s
quality. A significant challenge was encountered with small irregular objects,
where the algorithm failed to identify the object’s top surface or struggled to
determine the bounding box, thus unable to ascertain a suitable grasp. Small
objects pose greater difficulty due to their less precise point cloud compared to
larger or medium-sized objects. Objects grasped using the suction cup present an
issue when their surface is not perfectly flat but this deviation is too subtle to be
detected reliably by the software after capturing the image.

The three-fingered gripper performs excellently with spherical objects. Errors
here stemmed from misjudging whether an object is spherical or not. Identifying
an object’s spherical or round shape works optimally, but achieving maximum
accuracy solely from a single camera placed statically cannot be guaranteed.
Additionally, in several instances, image segmentation failed, categorizing one
object as two or not detecting parts of an object, especially if an object had
multiple colors.

The tests on individual objects revealed that some errors arise from the cam-
era’s inaccuracies, segmentation issues, or the specific nature of some objects
that are challenging for geometric analysis. The suction cup performed best at
grasping objects, followed by the three-fingered gripper, while the two-fingered
gripper showed the weakest performance. Issues with the suction cup arose not
only from the objects’ imperfectly flat surfaces at the grasp point but also from any
excessive distance from the objects’ geometric center. Establishing the distance
limit for the suction cup from the geometric center poses a challenge as it varies
for each object depending on its shape and mass distribution. The subpar results
of the two-fingered gripper stem from attempting to grasp irregular, challenging
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objects complicated by data noise. This version of our gripper lacks built-in sen-
sors on its fingers, leading to instances where it did not apply sufficient grip force
or incorrectly aligned the fingers relative to the object’s surface (as the fingers
do not always align parallel due to irregular surfaces or miscalculations caused
by data noise). The three-fingered gripper functioned properly when the objects’
spherical or round nature was correctly identified.

Regarding unloading stacks of objects, the algorithm achieved an average
transfer rate of 92.24% of objects. Typically, two objects out of 25 remained at the
end. These objects, characterized by unsuccessful attempts, exhibited irregular
shapes, lacked a flat surface, were small (approximately 1 cm tall), and often
caused collision issues between the calculated gripping points by the two-fingered
gripper and the surface. As a precaution against the risk of collision with the
surface, the robot refrained from attempting to grasp these objects. In several
instances, the segmentation failed to detect these objects, leading to the premature
termination of the robot’s automated operation. There were multiple unsuccessful
attempts due to slight shifts in the object during gripping, yet subsequent attempts
with refined grasp points often led to successful pickups.

5. Conclusions

Selecting the right gripper for objects and determining their order optimally
works well, but there is always room for improving the algorithm’s performance.
An important factor to minimize potential errors involves developing a robot
trajectory algorithm that is not automated by its software, as this might cause
unforeseen movements or attempts to navigate the robot beyond its working area.
Enhancing the approach angle of the robot’s suction cup towards the object can
reduce the risk of finger contact with the surface. If the angle is too steep, avoiding
using the suction grip altogether might prevent finger impact with the surface.
Although such an error did not occur during testing, there is a potential risk based
on the robot’s behavior and algorithm. Improving segmentation and placing the
camera on the robot instead of statically above it could enhance the point cloud
quality and reduce the data noise. Installing additional sensors on the fingers to
verify if an object is gripped would simplify the estimation of grasp points, as it
would not require pinpointing exact points on the object, only around it.
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