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ABSTRACT

This article discusses the impact of the optical properties of materials and illuminance on the performance of
an Al-based vision system in the bin-picking process. The process is carried out by an ABB GoFa CRB 15000-
10/1.52 collaborative robot equipped with a Cambrian vision system. As part of the research, a dedicated test stand
was developed. The study was conducted using parts produced via 3D printing from PLA and PETG materials
(representing matte and reflective surface properties), analyzing the impact of illuminance, surface properties, par-
tial occlusion of objects, and changes in their geometry on detection performance. The results showed that increas-
ing the illuminance from 100 Ix to 350—500 Ix reduced the prediction generation time from approximately 0.9 s to
approximately 0.3 s. It was noted that higher detection efficiency was achieved for workpieces with matte surfaces
compared to reflective surfaces. The developed system correctly detected potential collisions and recognized the
objects it had been trained to identify, even when they were partially obscured. Research has shown that a change
in the part’s geometry prevented its proper identification.
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INTRODUCTION

Robotic bin-picking is an automated process
involving the extraction of individual, random-
ly oriented parts from a container. The purpose
of this process is to determine the position and
orientation of the part in space, pick it up, and
then transfer it to the next stage of the produc-
tion process. In addition to the random arrange-
ment of the parts, another challenge is that the
objects obscure each other, which means they
may be only partially visible to the vision system.
When retrieving parts, there is a risk of collision
with other items in the container, with the con-
tainer itself, and with the robot. Another potential
problem is the variety of part geometries — small
components, irregular shapes, and reflective sur-
faces can make it difficult for the vision system to
detect them correctly.
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Vision systems are used to automate the bin-
picking process; they play a key role in modern
automation. These are systems consisting of cam-
eras, lighting, computers, and specialized soft-
ware. The recorded camera footage is analyzed
by software that uses advanced image process-
ing algorithms and, increasingly, artificial intel-
ligence (Al), which enables the software to rec-
ognize shapes, colors, and textures, as well as
compare images to reference patterns. Computers
are used to process data from cameras and soft-
ware and to make decisions based on the analyzed
images. They enable the automation of industrial
processes, primarily by increasing productivity
and efficiency, reducing operating costs, and min-
imizing the need for human resources.

Al-powered vision systems enable the detec-
tion, localization, and orientation of randomly
arranged items in containers, even when they
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are partially obscured or under varying lighting
conditions. Neural network models enable the
automatic generation of robot motion trajectories
in real time based on data derived from recorded
camera images.

A distinctive feature of this study is the
evaluation of artificial intelligence algorithms in
relation to additively manufactured parts made
of polymers (PLA and PETG), whose surfaces
exhibit a specific visual anisotropy resulting from
their layered structure. In addition, the integration
of workspace design and collision analysis within
the RobotStudio environment lays the foundation
for building a digital twin of an automated work-
station. Unlike studies focused on developing
novel artificial intelligence algorithms, the prima-
ry contribution of this paper is the comprehensive
practical evaluation and integration of an exist-
ing commercial Al-assisted vision system (Cam-
brian) within a collaborative robotic workstation
(ABB GoFa). This study aims to systematically
assess the workstation’s performance limitations
by investigating the influence of varying illumi-
nance levels, surface optical properties (matte vs.
reflective), partial occlusion, and geometric mod-
ifications on the system’s operational efficiency.

BACKGROUND

In recent years, advances in deep learning
have significantly changed the way bin-picking
tasks are performed, leading to a shift from tradi-
tional methods based on deterministic geometric
matching to solutions that use data-driven models
[1]. Currently, research focuses primarily on three
areas: the use of artificial intelligence for grasp
perception and planning, the estimation of the
position and orientation of objects in 6D space,
and the integration of these methods into real-
world industrial settings.

The use of deep neural networks (DNNs) in
robotic manipulation has evolved toward grasp
planning methods. The solutions used can be
divided into gripper-oriented methods and object-
oriented methods, which differ in terms of how
the grasp is represented, the scope of the infor-
mation used, and the process of preparing train-
ing data [1]. Regardless of the approach taken,
modern systems are increasingly integrating
object detection, grip parameter estimation, and
manipulator motion planning within a single deep
learning architecture.

Initially, these solutions focused primarily on
detecting 2D objects and determining oriented
bounding boxes, which are used to define grips on
flat surfaces [2]. The development of convolution-
al neural networks (CNNs) has made it possible
to significantly improve the effectiveness of object
detection while maintaining high computational
efficiency. Currently, CNN architectures form the
basis of most systems that perform object classi-
fication, detection, and segmentation in industrial
applications, providing greater robustness against
variations in object orientation, partial occlusions,
and changing lighting conditions [3, 4]. Signifi-
cant progress has been made through the use of
architectures belonging to the YOLO (you only
look once) family, which enable near-real-time
object detection. These solutions have been suc-
cessfully used to identify and locate randomly
distributed parts inside industrial containers [3].
The implementation of detection and classifica-
tion methods based on the YOLO architecture
is not limited solely to stationary robotic arms,
but is also successfully used in mobile robotics.
Research conducted using low-cost computing
devices (e.g., Raspberry Pi) has shown that deep
learning algorithms provide an optimal balance
between mean average precision (mAP) and real-
time CPU computational power consumption [5].
An extension of this approach is the integration
of stereo cameras with real-time object detectors,
which enables the simultaneous determination of
objects’ spatial coordinates and their use during
pick-and-place operations [4]. In addition, the use
of deep learning methods to improve the stereo
matching process makes it possible to increase the
accuracy of depth reconstruction, especially for
small features with non-distinctive geometry [6].

The growing complexity of manufacturing
environments, particularly in low-volume and
high-variety production, has led to increased
interest in reinforcement learning (RL). Unlike
traditional supervised methods, they enable adap-
tive refinement of grasping strategies based on the
robot’s successive interactions with its environ-
ment, reducing the need for manual system con-
figuration for each new object [7, 8]. One of the
major areas of development is the integration of
RL algorithms with computer vision methods. The
combination of feature extraction using the YOLO
architecture with the Soft Actor-Critic (SAC)
algorithm enables simultaneous object identifica-
tion and optimization of the grasping process in an
unstructured working environment [8].
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As the level of autonomy of robotic systems
increases, issues related to trajectory planning
and robotic arm control are becoming increasing-
ly important. Modern solutions use deep neural
networks to solve inverse kinematics, path plan-
ning, and collision avoidance problems, gradual-
ly reducing the use of classical numerical meth-
ods [9]. At the same time, neural network models
are being developed to identify the manipula-
tors’ workspace and compensate for position-
ing errors, which helps increase the accuracy of
manipulation operations and improve process
repeatability [10, 11].

As the complexity of industrial bin-picking
processes increases, relying solely on object
detection based on two-dimensional images and
oriented bounding boxes is no longer sufficient.
Implementing such applications requires a com-
plete estimation of an object’s position and orien-
tation in six-dimensional space (6D pose estima-
tion), which includes three degrees of freedom
for translation and three degrees of freedom for
rotation. This information is necessary to deter-
mine a collision-free trajectory for the manipu-
lator and to ensure the correct orientation of
the gripper when retrieving parts from densely
packed containers [12].

In traditional approaches, 6D position esti-
mation is based on fitting measurement data to
a CAD geometric model. In industrial practice,
methods that use geometric feature matching
are employed alongside solutions based on deep
neural networks for the direct estimation of an
object’s position. Methods that use point pair
features (PPF) and their extensions are particu-
larly important, as they enable the effective local-
ization of objects even in cases of partial occlu-
sions and incomplete point clouds [13]. Hybrid
solutions are also being used more and more
frequently, in which deep learning models are
responsible for detecting or initially localizing
an object, while the final position estimation is
performed using model-based matching against
a CAD model [14, 15]. CAD models also play
a significant role in the training process for 6D
position estimation systems. They can be used
to generate synthetic data, which involves arti-
ficially increasing the amount of training data
through transformations of existing samples
(data augmentation) and random modification of
the simulation environment (domain randomiza-
tion), which reduces the need to collect large sets
of real-world data [16].
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Despite the high effectiveness of modern
methods, most deep learning models still require
the preparation of dedicated training datasets for
each new object, which has spurred the develop-
ment of zero-shot 6D pose estimation methods
(zero-shot 6D pose estimation), which enable
the localization of objects not present during the
training process [17]. One of the most advanced
solutions is the ZeroBP architecture, which uses
position-aware correspondences between real-
world observations and CAD models. Combin-
ing local geometric features with global spatial
information helps reduce the misalignment errors
typical of industrial components that lack texture
and exhibit significant geometric similarity [17].
Similar assumptions were also adopted in solu-
tions using generalized, recursive flow correc-
tion networks, which enable the estimation of the
positions of previously unseen objects using pre-
defined geometric elements of CAD models, even
under conditions of significant occlusion [18].

The physical properties of the manipulated
components remain a significant challenge. The
accuracy of 6D position estimation depends to
a large extent on the quality of the spatial data
provided by the vision system. Industrial envi-
ronments are dominated by metal components
that lack texture and often have highly reflective
surfaces, resulting in incomplete or noisy point
clouds, which makes it difficult to reconstruct
geometry and locate objects, especially in cases
of partial occlusion [19, 20]. For this reason,
deep learning models are being developed for
the direct estimation of 6D positions under con-
ditions of limited texture, monochromatic imag-
ing, and significant occlusions, as well as meth-
ods for filtering and reconstructing ordered point
clouds, which improve the accuracy of geomet-
ric model fitting [15, 19]. Specular reflections
are an additional source of errors that degrade
the quality of data acquired by stereo vision sys-
tems. Modern solutions use deep learning mod-
els to mitigate the impact of specular reflections
on the input data of stereo vision systems, which
leads to increased stability in object position
estimation and improved reliability of industrial
bin-picking systems [20].

Industrial bin-picking systems must meet
requirements for reliability, response time, and
integration with advanced automation components.
Issues related to real-time communication, collabo-
ration with PLCs, and minimizing total cycle time
are becoming increasingly important [21].
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A key aspect of such implementations is
ensuring the stable integration of image-analysis
software with the actuator system. A commonly
used solution is data exchange via the TCP/IP
protocol, which enables the dynamic transmis-
sion of coordinates to a manipulator in indus-
trial sorting (picking) processes based on cam-
era images [22]. The use of external 3D stereo
vision systems equipped with Al components is
becoming essential to overcome the problem of
the limited field of view (FOV) of standard solu-
tions. This allows for a significant expansion of
the entire system’s digital situational awareness
and maintains high positioning accuracy for the
industrial robot despite the closed architecture of
the control systems [23].

One area of development is the implementa-
tion of deep learning algorithms directly within
the industrial controller environment. The inte-
gration of capture networks, such as Dex-Net,
with Al hardware acceleration modules that work
in conjunction with PLCs enables real-time infer-
ence while maintaining low power consumption.
Solutions of this type have demonstrated the abil-
ity to achieve a throughput exceeding 350 retriev-
al operations per hour, confirming the practical
applicability of Edge Al architecture in industrial
applications [23].

In industrial practice, however, the efficiency
of a workstation is determined not only by the
time it takes for the artificial intelligence model
to perform calculations, but also by the total cycle
time, which includes data acquisition, image pro-
cessing, motion planning, and the execution of
the manipulation operation. For this reason, cur-
rent research focuses on carrying out the indi-
vidual stages of the process in parallel. The use
of synthetic training data generators eliminates
the time-consuming process of manually collect-
ing and labeling data, while the use of a parallel
workflow allows calculations related to the next
grasping operation to be performed while the
manipulator is in its return motion. This makes it
possible to virtually eliminate downtime caused
by the robot waiting for the artificial intelligence
model to finish its calculations [24].

An important aspect of implementation
remains the integration of artificial intelligence
algorithms with the control systems of indus-
trial robots. The gripper position determined by
the vision system must be transformed into the
robot’s coordinate system and used during motion
path planning, taking into account kinematic

and collision constraints. In industrial practice,
solutions that utilize deep learning algorithms —
including at the motion control level — are increas-
ingly being used to directly generate trajectories
for industrial robots [9].

The effectiveness of this approach has been
confirmed, among other things, in solutions that
use the Vision-type Deep Deterministic Policy
Gradient (Vision-DDPG) algorithm, which has
been validated both in a simulation environ-
ment and when controlling actual ABB industrial
robots. Research results indicate that combining
visual information with deep learning algorithms
enables effective planning of a manipulator’s
motion trajectory while maintaining the required
positioning accuracy [25]. A similar direction of
development is represented by solutions that inte-
grate deep-learning-based object detectors with
classical robot arm control algorithms, ensuring
the stability of the grasping process and high
accuracy in performing assembly and manipula-
tion tasks [26].

A separate, yet increasingly important, area of
research is virtual commissioning of robotic han-
dling processes. The use of environments such as
RobotStudio allows for the modeling and verifi-
cation of the functionality of specialized grippers
even before they are physically manufactured and
subjected to experimental vibration or inertial tests
[27, 28]. The use of virtual controller technology
enables multi-criteria simulations and the optimi-
zation of test bench operating parameters based
on randomly generated data. Research shows
that the proper selection of control algorithms not
only allows for determining the optimal speed of
robots and conveyors for a given throughput, but
also ensures that the production process continues
automatically in the event of an emergency.

MATERIALS AND METHODS

Design of a robotic workstation for the
bin-picking process

The test setup for conducting research on a
robotic process for retrieving parts from a con-
tainer using a vision system and artificial intel-
ligence models is shown in Figure 1. The test
stand is an integrated system consisting of several
layers: control, communication, data processing,
and execution. Communication between devices
is handled directly by the ABB OmniCore C30
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robot controller, which serves as the central con-
trol unit for the entire workstation. Communica-
tion between the robot controller, the Cambrian
system’s computing unit, and the computer run-
ning the RobotStudio environment is carried out
using an Ethernet connection and the TCP/IP
protocol. The vision system is based on a Cam-
brian stereo camera mounted on the manipula-
tor arm. The camera transmits image data to the
Cambrian computing unit, which performs image
processing using artificial intelligence models.
The vision system communicates with the robot
controller using sockets to send and receive data
based on the TCP/IP protocol. All devices operate
on the same subnet.

A general structural and functional diagram
of the workstation is shown in Figure 2.

Two types of objects were designed to con-
duct research on a robotic process for retrieving
parts from a container. This made it possible to
verify the accuracy of distinguishing between
parts and the methods used to pick them up,
given different orientations and positions of the
gripper. To investigate the impact of the physical
properties of the manipulated parts on the accu-
racy of their detection, the designed models were
printed on a BambuLab X1 Carbon 3D printer
using the FDM/FFF (Fused Deposition Model-
ing/Fused Filament Fabrication) method using
various materials, in different colors, and with
varying degrees of surface gloss. The matte ele-
ments were printed using Polymaker PolyLite
filament PLA (polylactic acid), and the reflec-
tive elements were printed using Devil Design
PET-G filament (polyethylene terephthalate

glycol-modified) (Figure 3). In both cases, fila-
ments were used without additives or admixtures
that modify the material’s optical properties.

To demonstrate the basic principle of the
bin-picking process — which involves retrieving
unordered parts from a container and transfer-
ring them to a location where they are sorted and
placed — a receiving tray designed to position
the picked objects was also developed and print-
ed on a 3D printer (Figure 4). The tray has slots
designed to accommodate two types of parts:
those shaped like a rectangular prism and those
shaped like a cylinder. It was assumed that the
part could be positioned in two equivalent ori-
entations differing by a rotation of 180°, which
eliminated the need to design positioning recess-
es for the bottle necks as well. This approach
made it possible to limit the required rotation of
the gripper to a maximum of 90°, which helped
reduce the process cycle time.

The first step in preparing CAD models for
training is to import them into the Cambrian
Training software (Figure 5).

During training, the neural network model
learns to recognize and distinguish the type of
detail it sees, and to determine its position and
orientation in space based on its geometric fea-
tures — this approach can be used to detect mul-
tiple objects in a single scene, particularly in
sorting processes. To obtain a properly trained
Al model, it is necessary to configure the train-
ing parameters appropriately so that the object is
clearly visible in the workspace and so that the
depth range corresponds to the system’s actual
operating conditions.

Figure 1. Robotic workstation with a collaborative robot: 1) Cambrian stereo camera,
2) ABB GoFa CRB 15000-10/1.52 collaborative robot, 3) ABB OmniCore C30 robot controller,
4) Cambrian system computing unit, 5) ABB FlexPendant operator panel,
6) computer with RobotStudio software
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Figure 2. General structural and functional diagram of a bin-picking workstation

An important parameter that requires con-
figuration is the “Z Center,” which is the dis-
tance between the camera position and the parts
to be captured, as well as the “Z range” for the
captured parts (Figure 6). The combination
of these two values defines the distance range
within which the Al model will detect the object.
Workpieces outside this working range will be
filtered out. Once the model has been prepared
in the Cambrian Training program, the next step
is to train it — this is done using the Cambrian
Training Portal, an online platform. It generates
a personalized Al model based on the submitted
object configuration.

Figure 3. Components prepared for conducting
bin-picking process tests

The grip points added in the Cambrian
VISION environment (indicated by yellow arrows
in Figure 7) made it possible to define the position
and orientation of the manipulator’s TCP relative
to the object, as well as the collision fields, ensur-
ing correct and safe grasping of the object. These
were defined taking into account the maximum
diameter of the working part of the vacuum grip-
per tip used in the tests.

In the grip point editor, the following were
defined, among other things: the position and
orientation of the grip point, the grip type, and

Figure 4. A collection tray prepared for the
bin-picking process
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a)

b)

Figure 5. CAD parts imported into the Cambrian Training software: a) a cuboid-shaped bottle model,
b) a bottle model with a circular cross-section

Basic Settings

Camera Images Preview

Figure 6. View of training settings and model
preview areas in the Cambrian Training software

the symmetry configuration. The gripper type
is responsible for assigning an ID to a specific
gripper point, which is passed to the robot’s API
(Application Programming Interface) and influ-
ences how the robot approaches grasping objects.

Symmetry types affect how grip orientations
are defined and the number of grip points required.
For the cuboid-shaped part, the “None” symmetry
configuration was selected because the object does
not have continuous rotational symmetry. Due to
the presence of edges that prevent the workpieces
from being gripped with a suction cup, it is nec-
essary to clearly specify the grip orientation. For
the bottle-shaped feature with a circular cross-
section, a cylindrical symmetry configuration was
used because the object has continuous rotational
symmetry about a defined vertical axis. Because
the grip point is defined on the side surface, rotat-
ing the workpiece around a defined axis does not
affect the accuracy of the grip.
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Defining the workspace — which includes
the gripper and the table on which the contain-
er is placed (Figure 8) — ensured collision-free
part retrieval.

In the Al models panel, the following settings
were configured and parameterized: the Confidence
Threshold (predictions with a confidence level
lower than the selected threshold are not returned
by the model) and the Confidence Filter — an addi-
tional filter that eliminates predictions below a
specified value (such predictions are not sent to the
robot). The threshold value and the confidence filter
divide the predictions into three groups:

e below the threshold value — completely reject-
ed, not sent to the bot, and not visible in the
interface,

e between the confidence threshold and the filter
values — displayed in the interface (in orange)
but not used by the robot; additionally taken
into account in the collision analysis,

e above the filter value — sent to the robot, dis-
played in the interface (in green or blue), and
included in the collision analysis.

The control program was developed in RAPID
as a module integrated with the communication
module. The main function of the API is to send
the robot’s current status to the vision system and
receive the results of the image analysis. The data
sent includes the robot’s current TCP position, the
current manipulator axis values, the definition of
the active tool, and additional parameters related
to the gripper configuration. The response from
the vision system, received by the robot controller,
takes the form of raw data, which is then convert-
ed into working coordinates used by the control
program. They contain predictions — that is, indi-
vidual grip proposals for a part generated by the
Al model — which include the following informa-
tion: detection confidence score (“CONF”), part
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a)

b)

Figure 7. Defined grip points and collision zones in the Cambrian VISION software: a) “None” symmetry,
b) cylindrical symmetry

Combrian

vVIiSI0nN...

Figure 8. Configuring the workspace in the Cambrian VISION software

visibility index (“PVIS”), the object type number

(“OBJ”), the grip type identifier (“GRP”), the

orientation (“RX°”, “RY°”, “RZ°”), its distance

from the TCP (“DIST”), and any rejection crite-
ria (“Rejection Criteria”). Only those predictions
whose confidence score is greater than the confi-
dence threshold specified in the Al model settings
are generated and returned.

A general diagram of the control program’s

operation is shown in Figure 9.

The flowchart for the workstation consists of
four main process steps:

e gystem initialization, which is responsible for
connecting the robot controller to the vision
system’s computing unit,

e searching the workspace grid until the correct
part predictions are found,

e a collision-free approach to the part and its
grip,

e Collision-free placement of the workpiece in
the designated location.

To ensure the reliability and reproducibility of
the study, the experimental conditions were strict-
ly controlled. The illuminance of the workspace
was measured using a CEM DT-8809A digital
lux meter. To ensure uniform light distribution
analysis, measurements were taken at five distinct
points: the four corners of the working table and
the center of the picking area. The light source con-
sisted of two halogen lamps located on opposite
sides of the working table. During the evaluation of
different illuminance levels (100, 350, and 500 Ix),
the Cambrian vision system’s camera settings were
kept constant to evaluate the system’s robustness
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Figure 9. General flowchart of the control program

to varying lightning conditions. Furthermore, it
is crucial to emphasize that the exact same pre-
trained Al model was applied in every test itera-
tion. To isolate the variables under investigation,
comparable pseudo-random object arrangements
and identical system parameters were maintained
across all lighting and material conditions.

RESEARCH AND RESULTS

As part of the work, studies were conducted
on the accuracy of the workspace grid search,
the accuracy of collision detection, the impact of
workspace lighting on prediction generation time,
the effectiveness of detecting partially occluded
objects, and the recognition of objects with geom-
etries similar to the trained model.
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Testing the correctness of the
workspace grid search

To ensure complete visual coverage of the
scene being analyzed, the area from which work-
pieces are extracted (the container space) was
divided into a virtual working grid. This division
is due to the limited field of view (FOV) of the
stereo camera mounted on the robot’s arm (eye-
in-hand configuration) and the need to maintain
an optimal scanning distance. This helps avoid
perspective distortion, reduces blind spots at the
edges of the container, and maintains a consis-
tently high image resolution, which is essential
for artificial intelligence algorithms.

During the grid search procedure, the manipu-
lator sequentially moves the camera over succes-
sive defined zones. For each of these positions,
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the Al model makes a prediction aimed at locat-
ing objects and estimating their orientation in
space. Typically, immediately after the control
program is launched, the first predictions gener-
ated are rejected by the system because they do
not meet the rigorous criteria for a collision-free
and stable grasp. The situation changes when the
camera reaches a position within the AI model’s
optimal, acceptable operating range — defined in
the Cambrian Training environment’s training
parameters using the “Z Center” parameter. In
that case, the system correctly identifies the posi-
tion and orientation of the parts. Such predictions
are classified as correct, which is indicated in the
visualization interface by the color green or blue,
and simultaneously serves as a trigger to initiate
the robot’s approach trajectory and the retrieval
of the part (Figure 10).

The effectiveness and stability of the imple-
mented grid search algorithm were validated by
running the process ten times. In all tested cases,
the system executed the specified procedure with-
out any recorded failures in the conducted tests,
consistently locating objects within the work-
space and generating correct grasping predictions
for them.

Testing the accuracy of collision detection

To validate the implemented security mech-
anisms, tests were conducted on the collision
detection algorithms. In the first stage, the accu-
racy of detection was verified for predefined col-
lision zones within the manipulator’s workspace.
Thanks to the accurate mapping of the positions

CONF PVIS GVIS OBJ GRP RX® RY® RZ® DISTinm 'aecton

1 1.00 0.95 1 1 -29 -13 -1666 -9.0
2 099 100 1 1 +12 17 +1244 -80
3 098 098 o 0 15 -1.0 -949 -1.0
4 098 098 0 0 16 -1.0 +851 -1.0
5 099 100 1 1 +12 -17 -566 -8.0
6 100 095 1 1 29 -13 +244 -90
7 100 100 o 0 -263 -28 -1761 -10.5
8 100 1.00 o 0 +25.8 +24.6 -131.4 -123
9 100 100 o 0 -253 -28 +39 -106

of the source container and the receiving tray in
the Cambrian VISION environment (in accor-
dance with their actual layout), the system cor-
rectly identified workpieces and generated grasp-
ing predictions without registering false colli-
sions with environmental elements (Figure 10). In
addition, as part of the boundary condition tests,
the scenario was deliberately set up in such a way
that a collision-free grasp was physically impos-
sible. These objects were correctly detected by
the vision system (as indicated by the pink color);
however, as intended, the system prevented the
generation of working predictions for them (Fig-
ure 11). This analysis of collision zones a priori
makes it possible to eliminate risky trajectories
of the kinematic system at an early stage of data
processing, even before the robot begins to move.

The second phase of the research involved
verifying the virtual collision zones defined for
the tool mounted on the robot’s flange. It has
been shown that even when a very high detec-
tion confidence coefficient (CONF equal to 0.99)
is achieved, the overarching supervision mecha-
nism correctly rejected a prediction if it entailed
the risk of the gripper colliding with an obstacle.
This situation triggered a “GP Collision” message
(Figure 12), and the rejected grip proposals were
clearly marked in red both in the visualization
window and in the results table.

To confirm the stability and reliability of the
safety mechanisms discussed, a series of ten exper-
imental tests was conducted, with varying degrees
of scene complexity. In each test, the position, ori-
entation, and mutual occlusion of the workpieces
within the container were randomly modified. In

Figure 10. System in action — correct grid search
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Figure 11. System in action — collision detection in the workspace

all the tests conducted, the integrated anti-collision
system functioned without any recorded failures —
the system consistently identified safe paths and
blocked trajectories that could lead to a collision
with the surroundings or with itself.

A study of the effect of workspace
lighting on the time required to
generate predictions

To assess the impact of lighting conditions in
the workspace on the performance of the vision
system, a series of experiments was conducted for
three different illuminance levels: 100 Ix, 350 Ix,
and 500 Ix. The selection of the above levels was
based on the guidelines of the PN-EN 12464-1
standard regarding the lighting of indoor work-
places and also reflects the typical photometric
conditions found at actual automated industrial
workstations. The purpose of the analysis was to
evaluate the correlation between the light inten-
sity used and key temporal parameters of the pro-
cess, including, above all, the time taken for the
Al model to generate a prediction and the total
time required to complete the manipulation cycle.
The collected measurement data, recorded in real
time by the control system, were aggregated and
presented in detail in Table 1.

For each illuminance level (100 1x, 350 Ix,
500 Ix), a series of ten (n=10) trials was conduct-
ed, during which the time taken by the neural net-
work to generate a prediction and the total cycle
time were recorded. For the collected samples, an
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unbiased estimator of the standard deviation (SD)
was calculated, defined by the formula:

(1)

where: x, denotes the next measurement result,
X is the arithmetic mean of a given series,
and 7 is the number of measurement trials.

To ensure that the assessment of dispersion
is independent of the order of magnitude of
the values under study, the coefficient of varia-
tion (CV) was also calculated. This parameter
expresses the standard deviation as a percentage
relative to the mean:

SD
cvV = 3 X 100% )

By using this parameter, the results indicate
which architectural elements (the neural network or
the manipulator’s kinematics) constitute the actual
bottleneck in the automated process (Table 2).

Analysis of the measurement data revealed
a clear correlation between illuminance and the
performance of the vision system. It was observed
that increasing the light intensity results in a three-
fold reduction in the time required to generate a
prediction. Under conditions of insufficient light-
ing (100 1x), the average time to initiate a grasp
was approximately 0.9 s, whereas at 350 Ix and
500 Ix, this time was reduced to approximately
0.3 s (Table 1).
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CONF

PVIS GVIS OBJ GRP RX®

RY’  RZ® DIST(mm) m"

GP Collision

1 099 0.77 0 0 00 -0.3 -1514 -40
2 099 100 - 0 0 +1.5 +3.9 +110.0 -33.0
3 099 100 0 0 +15 +39 -70.0 -33.0
4 099 077 0 0 00 -0.3 +288 -40

GP Collision

Figure 12. System operation view — tool collision detection

Table 1. Comparison of the time it takes to receive predictions from the vision system under different light
intensities: 100 1x, 350 Ix, 500 1x

100 Ix 350 Ix 500 Ix
Measurement Prediction time Cydle time [s] Prediction time Cydle time [s] Prediction time Cydle time [s]
[s] [s] [s]
1 0.89 11.40 0.30 12.18 0.26 10.81
2 0.91 14.24 0.29 12.96 0.28 13.85
3 0.89 13.36 0.31 13.36 0.28 13.17
4 0.90 12.58 0.30 12.74 0.27 11.64
5 0.88 11.92 0.29 11.98 0.27 12.42
6 0.91 13.81 0.31 13.22 0.28 12.95
7 0.90 12.97 0.30 12.43 0.26 11.28
8 0.89 13.44 0.30 13.05 0.27 13.44
9 0.92 14.08 0.29 12.61 0.27 12.83
10 0.90 12.35 0.31 13.11 0.28 11.96
Average 0.90 13.02 0.30 12.76 0.27 12.44

Table 2 shows that the artificial intelligence
system has a highly stable and deterministic pre-
diction time, with a very low standard deviation
and coefficient of variation (less than 3%). In
contrast, the total cycle time varies much more
widely, which demonstrates that the main bottle-
neck and source of fluctuations in the analyzed
process are the physical movements of the manip-
ulator resulting from the random arrangement of
the workpieces.

At the same time, it was shown that the
improvement in photometric parameters at the
test station did not significantly reduce the total
cycle time. The lack of a clear effect in this area
stems from the specific nature of the process
under study, in which the physical displacements
of the manipulator’s kinematic system remain

the dominant temporal component. The duration
of each trajectory — from approaching the item,
through picking it up, to placing it back in the slot
— varies and is determined by the random initial
positions of the objects in the container, which,
overall, negates the time savings achieved by the
artificial intelligence model.

A study on the impact of workspace
lighting on confidence levels

An analysis of the effect of lighting con-
ditions on the detection confidence factor
(CONF) was conducted for corresponding light
intensity levels (100 Ix, 350 Ix, 500 1x). A sum-
mary of the predictions obtained, broken down
by type of surface studied, is shown in Figure
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Table 2. A statistical analysis of bin-picking process cycle times

Average Standard Co-... coefficient Average cvcle Standard Co-... coefficient
llluminance [Ix] | prediction time | deviation (SD) | of variation (CV) srage cy deviation (SD) | of variation (CV)
- o time x™ [s] o
X_[s] [s] [%] [s] [%]
100 0.9 +0.012 1.33 13.02 +0.943 7.24
350 0.3 +0.008 2.66 12.76 +0.458 3.59
500 0.27 +0.008 2.96 12.44 +0.988 7.94

13. The results of the experiment showed that,
for parts with a matte finish, no change was
observed within the tested range of light inten-
sity, consistently achieving a maximum CONF
coefficient of 1.0.

Different phenomena were observed in the
case of elements with a reflective surface. At a
baseline illuminance of 100 Ix, a detection reli-
ability of 0.99 was recorded (Figure 13a). Despite
the high numerical score, the image acquisition
was characterized by significant underexposure
of the scene and low contrast between the work-
pieces and the background, which directly cor-
related with the increased inference time of the
Al model. Although the system functioned prop-
erly under these conditions, the acquired image
showed increased susceptibility to interference
resulting from possible dynamic changes in
ambient lighting.

Increasing the illuminance to 350 Ix result-
ed in a decrease in the CONF coefficient to
0.95 (Figure 13b). The workspace was illumi-
nated more evenly, and the image itself became
brighter. Nevertheless, the specific properties
of the reflective material led to the formation
of directional reflections. This phenomenon
caused localized overexposure in the image and
blurred the edges of objects, which made it dif-
ficult for the Al model to unambiguously extract
geometric features and reduced the confidence
of the predictions.

At the highest illuminance level tested, 500
Ix, the confidence coefficient increased again,
reaching a value of 0.98 (Figure 13c). Achiev-
ing such a high level of brightness significantly
improved the overall image sharpness and the
visibility of the contours of the objects under
examination. Nevertheless, light reflections on
reflective surfaces continued to be a source of
interference, causing a slight decrease in recog-
nition confidence compared to the ideal results
obtained for matte objects.

It should be emphasised that the CONF
coefficient reflects the level of confidence of
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the artificial intelligence model in recognising
objects and estimating their spatial position,
which should be distinguished from the actual
physical performance of the robotic system. A
CONF value of 1.0 indicates the model’s maxi-
mum mathematical confidence, but this does
not automatically imply a 100 per cent success
rate in the physical execution of the task. In this
study, however, the physical retrieval of objects
was carried out following the generation of cor-
rect predictions, and no grasping failures were
recorded in the trials conducted, indicating the
high performance of the workstation.

Analysis of the effectiveness of detecting
partially obscured features

To evaluate the artificial intelligence model’s
resilience to the phenomenon of partial occlu-
sion (obstruction) of the manipulated elements,
a series of ten test runs was conducted. As part
of the experiment, both types of parts under
analysis were intentionally obscured to varying
degrees by an opaque barrier (a white sheet of
paper), with the degree of occlusion gradually
increased. In cases of partial occlusion, the vision
system correctly located and classified objects,
which was indicated in the software’s graphical
interface by an orange mask superimposed on
the camera image (Figure 14). Despite correctly
detecting the presence of workpieces, the master
control algorithm deliberately did not generate a
grasp prediction for any of the trials conducted.
This phenomenon is the intended behavior of
the safety system—the rejection of a potential
sampling point resulted from the detection confi-
dence factor falling below the specified filtering
threshold or from the part visibility index failing
to meet the minimum required value. In two of
the ten tests, the degree of occlusion exceeded
approximately 70% of the part’s surface area,
which prevented the vision system from recog-
nizing it (no color mask was superimposed on
the camera images).
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o Rejection
ID CONF PVIS GVIS OBJ GRP RX RY° RZ’ DIST(mm) Criteria

1 0.99 100 = [ 0 +1.0 -05 +1798 209
2 1.00 1.00 o 0 -1.2 -1.0 +1788 211
3 099 100 0 0 +1.0 -05 -02 209
a 1.00 1.00 o 0 12 10 -2 211

ID CONF PVIS GVIS OBJ GRP RX* RY’ RZ’ DISTimm)

Rejection
Criteria

1 1.00 100 - 0 0 +04 -05 +1765 30
2 095 100 o o -3.7 +10 -1758 13
3 1.00 100 - o 0 +04 -05 -35 30
a o o

095 100 -37 +10 +42 13

ID CONF PVIS GVIS OBJ GRP RX’ RY’ RZ’ DISTimm)

Rejection
Criteria

1 1.00 100 - ) [} -0.4 +02 +1766 20
2 098 100 () o 14 -31 1765 32
3 1.00 100 - ] [} -04 +02 -34 20
4 098 100 [ [} 1.4 -31 +35 32

Figure 13. Comparison of detail recognition accuracy results at different light intensities in the work area:
a) 100 Ix, b) 350 Ix, ¢) 500 Ix

Analysis of the recognition of features
with geometry similar to that of the
trained model

To evaluate the artificial intelligence
model’s ability to verify objects with geom-
etries that deviate from the reference model, a
bottle model with a circular cross-section was
designed and fabricated, with a height reduced
by one-third compared to the nominal CAD
model (which had been used earlier in the train-
ing process). The study was conducted with a
confidence filter (CONF) threshold set at 0.9.
The analysis focused not only on the detection
of the modified element, but also on the impact
of occlusion in various spatial configurations on
classification accuracy (Figure 15).

In the baseline scenario, the object with
reduced height was not identified by the vision
system; the algorithm did not generate a grasp
prediction for it, which was reflected in the inter-
face by the absence of any mask on the camera
image (Figure 15a). This demonstrates the high
selectivity of the Al model used, which correct-
ly verifies that the observed features conform
to the nominal geometry stored in the reference

CAD model. Importantly, even when a trained
detail was intentionally obscured (which visu-
ally made its proportions resemble those of a
foreshortened detail), the system demonstrated
adequate resistance to this type of interference
and correctly classified the object (Figure 15a).

The introduction of an additional occlusion
covering the upper part of the modified (short-
ened) feature caused the system to attempt clas-
sification and generate a preliminary prediction.
However, it had a confidence coefficient below
the established threshold of 0.9. In accordance
with safety protocols, the system rejected this
grasping proposal, marking the object in ques-
tion only with an orange warning mask (Fig-
ure 15b). The situation did not change until the
incomplete portion of the truncated workpiece
was completely obscured. The forced elimina-
tion of the height difference through complete
occlusion caused the remnant visible to the
cameras to fit into the learned geometric pat-
tern. As a result of the reduced availability of
spatial features, the vision system interpreted
the visible fragment as a reference detail and
generated a full-fledged grasp prediction for it
(Figure 15c¢).
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Figure 14. Analysis of the effectiveness of detecting partially obscured features

ID CONF PVIS GVIS OBJ GRP RX° RY’ RZ DIST(mm) Rg:'?z"

1 099 086 - 1 1 -35 +0.0 +179.9 -245
2 099 08 - 1 1 -35 +00 -01 -245

Rejection
Criteria

ID CONF PVIS GVIS OBJ GRP RX RY’ RZ DISTmm)
1 100 086 - 1 1 -33 00 -179.2 -245
2 100 086 - 1 1 -33 00 +08 -245

ID CONF PVIS GVIS OBJ GRP RX® RY’ RZ DISTimm)

Rejection
Criteria

1 100 083 - 1 1 -44 -01 -1784 -243
2 100 083 1 1 -44 -01 -1791 -243
3 100 083 1 1 44 -01 +16 -243
4 100 083 1 1 -44 -01 +09 -243

Figure 15. Analysis of the recognition of a feature with reduced height under various conditions
of partial occlusion: a) partial occlusion of the trained feature, b) partial occlusion of the trained feature
and a portion of the truncated feature, c) partial occlusion of the trained feature and complete occlusion
of a portion of the truncated feature

DISCUSSION

The results of the experimental studies con-
firm that the optical properties of the manipu-
lated objects determine the stability and response
time of deep learning-based vision systems. The

158

different behavior of the algorithms for matte and
reflective surfaces (represented in this study by
PLA and PETG, respectively) is reflected in the
issues discussed in the relevant literature [18,
19]. Therefore, the conclusions drawn from this
comparison refer primarily to the objects’ optical
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surface characteristics rather than broadly gener-
alizing the properties of the two polymer groups.
While matte surfaces ensure uniform light dif-
fusion, reflective materials are prone to specular
reflections. This results in localized overexposure
that masks important geometric features, which
explains the minimal decreases in the detection
confidence factor (CONF) at higher illuminance
levels. Nevertheless, it has been shown that opti-
mizing the illuminance to 500 Ix reduces the Al
model’s inference time by a factor of three (from
0.9 s to 0.3 s). It is worth noting, however, that
the acceleration of the detection process itself did
not result in a dramatic reduction in the total cycle
time. This observation is consistent with analyses
by other researchers, which indicate that in clas-
sical robotic systems, the physical time required
for the kinematic system to move remains the
bottleneck. This points to the need to implement
parallel workflow, where the calculation of the
next move takes place while the manipulator is
in motion [21].

Another important aspect addressed in the
studies was the system’s susceptibility to geo-
metric modifications and occlusions. The model
demonstrated high selectivity, effectively reject-
ing workpieces with inconsistent proportions and
blocking predictions with low confidence. This is
a key safety mechanism in industrial applications
and bin picking, designed to prevent the picking
of an incorrect object. A case in which the system
incorrectly generated a prediction for a truncat-
ed feature after it was completely obscured (in a
way that made it resemble the reference feature)
illustrates the inherent limitations of architectures
based solely on matching to a CAD model.

The behaviour of the vision system when
modified geometric features are obscured
deserves particular attention, as it reveals a sig-
nificant limitation of the system. In an experi-
ment in which a modified (defective) part of an
object was obscured, the system successfully,
albeit incorrectly, recognised it as a complete and
correct feature. This indicates that the artificial
intelligence model actively infers and extrapo-
lates hidden geometry solely on the basis of vis-
ible fragments. It demonstrates that, in industrial
applications, advanced Al models may exhibit
overconfidence by fitting fragmentary spatial
features to a known whole. This extrapolation
constitutes a critical shortcoming in industrial
applications: if key distinguishing geometric
features are obscured, the system is unable to

distinguish between a good and a defective part,
generating false positives with a high confidence
score. This finding justifies the search for hybrid
methods [13, 14] or estimation models and zero-
shot models, which are inherently more robust
to severe occlusions and less prone to unverified
geometric extrapolation [16, 17].

CONCLUSIONS

As part of the work carried out, a robotic test
station equipped with an ABB collaborative robot
and a Cambrian vision system was designed and
integrated. A proprietary control program written
in RAPID was implemented, enabling the auto-
mation of the bin-picking process, which involves
the detection and safe retrieval of randomly
arranged parts from a container and their precise
placement into a dedicated receiving tray. The
main research focused on evaluating the impact
of lighting conditions and the optical properties
of materials on the effectiveness of artificial intel-
ligence algorithms.

The findings of this study are inherently lim-
ited to the specific configuration of the tested
robotic workstation, the analyzed geometries of
the objects, and the three selected illuminance
levels. The analysis showed a significant correla-
tion between light intensity in the workspace and
the performance of the vision system. Increas-
ing the illuminance from the baseline of 100 Ix
to 350-500 Ix resulted in a threefold reduction in
the time required to generate a grasp prediction
(from approximately 0.9 s to 0.3 s). It has also
been proven that the optical surface properties of
the objects, rather than the specific polymer type,
primarily determine the behavior of detection
algorithms. For matte workpieces (represented by
PLA), the system demonstrated complete stabil-
ity, consistently generating the maximum confi-
dence coefficient (CONF = 1.0). In the case of
reflective surfaces, due to the presence of direc-
tional reflections and localized overexposure
in the image, this coefficient fluctuated slightly
within the range of 0.95-0.99.

Within these defined parameters, an illumi-
nance of approximately 500 Ix yielded the best
results among the tested conditions, ensuring the
algorithm’s highest effectiveness with the short-
est inference time. However, it must be explicitly
stated that this reduction in prediction time did not
translate to a proportionally significant decrease
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in the total cycle time, as the physical movement
of the manipulator remained the dominant tempo-
ral component of the entire bin-picking process.

Furthermore, the developed artificial intel-
ligence model exhibited high spatial selectivity,
correctly recognizing reference workpieces and
maintaining satisfactory robustness to minor
partial occlusions. The algorithm successfully
refrained from generating grip proposals for
objects with intentionally modified dimensions,
provided the modified sections were clearly
visible to the camera. However, the study also
revealed a critical operational limitation: when
the modified or defective features of an object
were heavily obscured, the system falsely identi-
fied it as a complete reference part by extrapolat-
ing the hidden geometry. This confirms that while
classification accuracy strongly depends on the
correspondence between the visible real-world
image and the reference CAD model, the Al’s
tendency to infer missing geometric data based
solely on fragmentary features poses a challenge
for applications requiring absolute reliability.
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