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Abstract—Industrial robots are increasingly required to
operate in flexible manufacturing environments where
conventional offline programming and manually defined working
positions limit production adaptability. This study presents a
visual servoing framework that integrates interactive image
segmentation with industrial robot control through robot-
computer communication. The proposed system enables an
operator to specify the desired manipulation region directly on
an RGB-D camera image, eliminating the need for predefined
object models or manually generated trajectories. A fine-tuned
Segment Anything Model (SAM) is employed to obtain accurate
segmentation masks under industrial conditions, while depth
information and hand-eye calibration are used to transform the
selected image region into robot coordinates. The generated
positions are transmitted to an industrial robot through a
TCP/IP communication interface, where they are executed by the
robot controller. A graphical user interface was developed to
combine image acquisition, interactive segmentation, trajectory
visualization, and communication monitoring within a single
application. Experimental evaluation demonstrated reliable
robot-computer communication and stable segmentation
performance in the presence of illumination changes, metallic
reflections, and partial occlusions. The proposed segmentation
module achieved an average confidence of approximately 91%
with an average inference time of 46 ms, enabling near real-time
operation for industrial visual servoing. The obtained results
indicate that the proposed framework simplifies robot
deployment while maintaining accurate target localization and
compatibility with existing industrial robotic platforms, making
it a practical solution for flexible manufacturing applications.
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1. INTRODUCTION

Industrial automation has continuously evolved alongside
the growing demand for higher productivity, consistent product
quality, and safer manufacturing environments. The
introduction of the first industrial robots in the early 1960s
marked a significant milestone in modern production, allowing
repetitive and hazardous operations to be performed with
remarkable precision [1]. These robotic systems were primarily
designed for highly structured environments, where every
movement was explicitly programmed and repeated with
minimal variation. Although such an approach significantly
improved manufacturing efficiency, it also limited the ability

of robots to adapt to changes in workspaces or production
layouts [2]. As manufacturing processes became increasingly
diversified, the need for more flexible robotic systems
gradually emerged, encouraging researchers to investigate new
approaches to robot programming and control [3].

One of the major directions in this evolution was the
integration of perception into robotic systems. Instead of
executing predefined trajectories without considering the
surrounding environment, robots gradually became capable of
receiving sensory feedback from cameras and other
measurement devices. This transition led to the development of
visual servoing, where visual information is directly
incorporated into the robot control loop [4].

Unlike conventional offline programming, visual servoing
continuously updates robot motion according to observed
image features, allowing the manipulator to compensate for
positioning errors, calibration inaccuracies, and object
displacement during task execution [5]. Because of these
advantages, visual servoing has been successfully applied in
robotic assembly, inspection, object manipulation, and
precision manufacturing for several decades, becoming one of
the fundamental approaches in vision-based robot control [6].

The concept of intelligent manufacturing expanded
considerably with the emergence of Industry 4.0 [7]. Modern
production facilities increasingly rely on interconnected cyber-
physical systems, cloud computing, industrial Internet of
Things technologies, and digital twins to improve operational
efficiency and production flexibility. In these environments,
industrial robots are no longer isolated machines executing
predefined programs. Instead, they operate as components of
distributed intelligent systems that continuously exchange
information with sensors, production equipment, and
supervisory software [8]. This transformation has shifted
industrial robotics toward adaptive manufacturing, where rapid
reconfiguration and autonomous decision-making have become
essential requirements rather than optional features.

The rapid progress of artificial intelligence has accelerated
this transition even further. During the last decade, deep
learning techniques have significantly improved the ability of
robots to perceive and interpret complex industrial scenes.
Modern neural networks demonstrate remarkable performance
in object detection, semantic segmentation, pose estimation,
and scene understanding, often outperforming traditional
computer vision algorithms based on handcrafted image
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features [9]. These capabilities allow robotic systems to operate
more reliably under varying illumination conditions, partial
occlusions, and cluttered industrial environments that
frequently occur in real production facilities. As a result, Al-
based perception has become an important component of
intelligent robotic automation across numerous industrial
applications [10].

Recently, foundation vision models have introduced a new
level of flexibility for industrial perception. Unlike
conventional deep learning models that require extensive task-
specific datasets and repeated training, these large-scale models
are capable of generalizing across a wide variety of previously
unseen objects [11]. Interactive segmentation further simplifies
human-robot interaction by allowing an operator to indicate the
desired object or working region using only a few visual
prompts [12]. Such an approach considerably reduces the effort
required to deploy robotic systems in new production scenarios
while preserving accurate object localization [13].
Consequently, interactive segmentation has attracted increasing
attention as a practical solution for flexible industrial robotics,
particularly in environments characterized by small production
batches and frequent product changes.

Despite these technological advances, many industrial
robotic systems are still programmed through manually
specified positions or fixed working zones established during
system commissioning. Even relatively small changes in
product geometry or workspace configuration may require
additional calibration procedures, modifications of robot
programs, or retraining of perception models. These limitations
increase deployment time and reduce production flexibility,
especially in manufacturing processes where new products are
introduced regularly.

To address these challenges, this study proposes a visual
servoing framework that combines interactive image
segmentation with industrial robot control. Instead of manually
defining manipulation coordinates or preparing dedicated
datasets for every new object, the proposed approach enables
an operator to specify the desired working region directly on
the camera image. The segmented region is subsequently
transformed into robot coordinates and utilized for robot
motion generation. By combining interactive perception with
computer vision, the proposed framework aims to simplify
robot deployment while maintaining compatibility with
existing industrial robotic platforms and conventional
manufacturing workflows.

II.  RELATED WORKS

Visual servoing remains an important approach for
improving the positioning and manipulation capabilities of
robotic systems operating in changing environments. Classical
visual servoing methods are generally divided into IBVS and
PBVS. In image-based visual servoing, robot motion is
calculated directly from image features, whereas position-
based methods estimate the three-dimensional pose of the
target before generating robot commands. Although these
approaches provide accurate closed-loop positioning, their
performance can be affected by calibration errors, feature loss,
camera motion, image noise, and changes in the observed
scene. Wu et al. reviewed both conventional and learning-
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based visual servoing methods and showed that recent research
increasingly applies neural networks, model learning, and
optimization techniques to reduce the dependence on manually
designed image features [14]. Adaptive control has also been
investigated as a way to improve visual servoing under
uncertain robot and camera parameters. Lai et al. developed an
uncalibrated adaptive visual servoing method for manipulators
with uncertainties in both kinematics and dynamics [15]. The
controller estimates unknown parameters online and does not
require complete prior knowledge of the camera model. This
improves adaptability, although the design and tuning of the
controller remain relatively complex. Muthusamy et al
introduced a neuromorphic eye-in-hand visual servoing system
based on an event camera [16]. Instead of processing complete
image frames, the camera records changes in pixel intensity,
allowing the system to respond quickly to object motion and
illumination variation. However, event-based cameras require
specialized hardware and processing algorithms that are not yet
common in conventional industrial workcells. The
development of deep learning has considerably changed the
role of computer vision in robotics. Modern robotic perception
systems increasingly use convolutional neural networks and
transformer-based architectures for object recognition, pose
estimation, grasping, navigation, and human-robot interaction.
Shahria et al. reviewed vision-based robotic applications and
identified object detection, scene interpretation, calibration,
depth estimation, and real-time processing as important
components of intelligent robotic systems [17]. Their review
also showed that practical deployment remains limited by
computational requirements, sensitivity to environmental
conditions, and difficulties in transferring perception models
between different workspaces. The introduction of the Segment
Anything Model provided a new approach to interactive object
selection. Kirillov et al. proposed a promptable segmentation
model that generates object masks from points, bounding
boxes, or automatically produced prompts [18]. SAM
demonstrates strong generalization to previously unseen
objects and reduces the need to train an individual
segmentation model for every industrial component. This
property is particularly useful for operator-assisted robot
control because an operator can specify a target region using
only a small number of clicks. Earlier studies of interactive
image segmentation similarly showed that point, stroke, and
region-based inputs can substantially reduce manual annotation
effort while preserving accurate object boundaries [19].
Nevertheless, general-purpose segmentation models are not
always reliable under the imaging conditions found in
industrial environments. Blur, noise, weak illumination,
reflective surfaces, low contrast, and partial occlusion may
reduce mask quality. Chen et al. introduced RobustSAM to
improve the performance of SAM on degraded images while
preserving its prompt-based and zero-shot capabilities [20].
The model produced more stable masks under several types of
image degradation, but it still requires additional model
components and greater computational resources than the
original SAM architecture. Several studies have also focused
on improving object boundaries and extending interactive
segmentation beyond conventional binary masks. Fan et al.
proposed Segment and Matte Anything, which combines
segmentation and image matting in a unified promptable model
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[21]. The method improves the representation of fine
boundaries, thin structures, and semi-transparent regions. Such
boundary refinement can be valuable for precise robotic
manipulation, although the model was not designed
specifically for real-time robot control. In video processing,
Yao et al. reviewed object segmentation and tracking methods
and identified temporal consistency, appearance variation,
occlusion, and computational efficiency as major challenges
[22]. These problems are also relevant to visual servoing
because the selected target should remain correctly identified
while the robot or camera is moving. A more direct integration
of semantic segmentation and robot control was presented by
Jiang et al. [23]. Their approach combines referring image
segmentation with an eye-in-hand visual servoing system. A
target object is specified through a language expression,
segmented in the camera image, and represented using
geometric constraints that are converted into robot actions. The
method demonstrates that semantic masks can replace some
manually designed visual features used in classical visual
servoing. However, the approach depends on language-based
target descriptions and is intended mainly for eye-in-hand
configurations. Robot-specific segmentation has recently
become another important research direction. Mei et al.
introduced RobotSeg, a foundation model and dataset
developed for segmenting robots in images and videos [24].
The model addresses the difficulties caused by differences in
robot embodiment, articulated structures, cluttered
backgrounds, and rapid changes in robot shape during motion.
RobotSeg can support visual servoing, real-to-simulation
transfer, data augmentation, and safety monitoring. However,
its main objective is to segment the robot itself rather than the
external object or workspace region selected by an operator.
Interactive perception has also been combined with mixed-
reality robot programming. Yin et al. proposed a scene-centric
programming framework that integrates mixed reality, SAM-
assisted segmentation, three-dimensional reconstruction, and
virtual object manipulation [25]. The operator specifies the
intended operation by interacting with a digital representation
of an object rather than manually defining every robot
movement. This provides an intuitive programming process,
but it requires mixed-reality equipment, three-dimensional
scene reconstruction, and a more complex software
architecture. Computer vision is also considered an important
enabling technology for Industry 5.0. Tzampazaki et al.
reviewed the transition of machine vision from Industry 4.0 to
Industry 5.0 and emphasized its role in human-centered
manufacturing, quality control, intelligent automation, and safe
human-robot collaboration [26]. In this context, industrial
vision systems should not only automate perception but should
also provide clear and accessible interaction mechanisms for
human operators. Recent segmentation research has further
explored the connection between masks and semantic
descriptions. Huang et al. proposed Segment and Caption
Anything, which performs region segmentation together with
localized image captioning [27]. The method provides richer
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semantic information than mask generation alone, but its
architecture and computational cost are more suitable for
general visual understanding than low-latency industrial
control. Kweon and Yoon investigated the transfer of
knowledge from SAM to weakly supervised semantic
segmentation [28]. Their results demonstrate that knowledge
encoded in segmentation foundation models can improve task-
specific perception even when dense annotations are
unavailable. However, the method requires task-oriented
training and does not directly provide robot motion control.
Robot communication is another essential component of an
integrated industrial system. Lin and Hwang presented an
architecture for connecting an industrial robot with Industrial
Internet of Things services through OPC Unified Architecture
[29]. Their work demonstrates the importance of standardized
communication between robot controllers, computers, and
external industrial services. However, communication and
visual perception are treated as separate system functions rather
than as parts of an operator-guided visual servoing workflow.
Although existing studies have made significant progress in
visual servoing, adaptive control, foundation segmentation
models, and interactive robot programming, these components
are usually investigated separately.

Visual servoing studies mainly concentrate on control
stability and feature tracking, while segmentation studies
primarily evaluate mask accuracy. Mixed-reality systems
provide intuitive interaction but require additional hardware,
and industrial communication studies focus mainly on data
interoperability. Relatively few approaches combine operator-
guided object selection, interactive segmentation, image-to-
robot coordinate processing, and direct robot-computer
command exchange within a single industrial framework.

The framework proposed in this study addresses this gap by
allowing an operator to select a task-relevant region from the
camera image using interactive segmentation. The selected
mask is processed to determine the target region, after which
the corresponding command is transferred from the computer
to the industrial robot controller. This approach preserves
human supervision while reducing the need for manual
coordinate entry and task-specific object detection models.
Table I shows a comparison of the most relevant visual
servoing,  segmentation,  robot  programming,  and
communication methods.

Therefore, the proposed work differs from previous
research by combining interactive segmentation with real-time
robot-computer communication for industrial visual servoing.
Instead of requiring predefined object models or complex
feature engineering, the operator simply selects the target
region through interactive segmentation, after which the
system converts the selected region into robot commands for
industrial manipulation. This workflow aims to reduce
programming complexity while preserving the flexibility
required for modern manufacturing environments.
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TABLE L. COMPARISON OF RECENT VISUAL SERVOING AND INTERACTIVE SEGMENTATION METHODS
Authors Description Strengths Limitations
Survey of learning-based visual | Systematic comparison of classical and | Does not present a complete industrial
Wau et al. (2022) : . . .
servoing control learning-based controllers implementation
Lai et al. (2023) Uncalibrated adaptive  visual | Compensates for uncertain kinematics | Complex adaptive controller design and
) servoing and robot dynamics parameter tuning

Neuromorphic eye-in-hand visual

Muthusamy et al. (2021) servoing

Fast response to motion and illumination
changes

Requires an event camera and specialized
processing

Shahria et al. (2022) Review of vision-based robotic

Broad analysis of robotic perception

Does not propose a unified visual servoing

applications components and applications framework
.. . General-purpose promptable . . . .
Kirillov et al. (2023) Segment Anything Model segmentation and zero-shot transfer Not designed specifically for industrial robots
Ramadan et al. (2020) Inte_ractlve image segmentation COYSI‘S point, strol.(e, boundary, and | Focuses mainly on image processing rather
review region-based interaction than robot control
Chen et al. (2024) RobustSAM for degraded images Improved segmentation .under blur, Addl_tlonal computational and  training
noise, and low-quality imaging requirements
Fan et al. (2026) Segment and Matte Anything Improve(_i fine-boundary segmentation | No _ dlrf:ct integration ~ with  robotic
and matting manipulation

Referring segmentation with visual

Jiang et al. (2025) servoing

Connects semantic target selection with
real robot control

Depends mainly on language input and eye-in-
hand vision

Mei et al. (2026) RobotSeg

Intuitive object-level interaction and
automatic action generation

Segments the robot rather than operator-
selected workspace objects

Mixed-reality scene-centric robot

Yin et al. (2026) programming

Robot-oriented foundation segmentation
model

Requires mixed-reality hardware and 3D
reconstruction

Huang et al. (2024) Segment and Caption Anything

Combines region masks with semantic
descriptions

High computational cost for real-time robot
guidance

Kweon et al. (2024) SAM-assisted weakly supervised

Reduces the need for dense segmentation

Requires task-specific training and does not

segmentation annotations control a robot
Lin et al. (2019) Robot and IIoT communication | Supports standardized industrial data | Does not integrate interactive segmentation or
’ through OPC UA exchange visual servoing

Interactive segmentation with robot-

This work L
computer communication

visual
guidance

Real-time operator interaction, industrial
servoing,

Currently  limited to  operator-assisted

t . .
robo manipulation and the tested workcell

simplified

III.

The developed system combines an industrial robot, an
external computer, a vision sensor, an interactive segmentation
module, and a graphical user interface. The general workflow
consists of five main stages. First, the operator receives an
image of the robot workspace. Second, the required working
region is selected through interactive segmentation. Third, the
selected image points are converted into spatial coordinates.
Fourth, the generated robot positions are transferred from the
computer to the robot controller. Finally, the controller
executes the received trajectory while the graphical interface
displays the connection state and operation progress. The

MATERIALS AND METHODS

experimental system was divided into five functional
components: the SIASUN industrial robot, the TCP/IP
connection interface, the low-level robot-to-computer

communication procedure, the segmentation module, and the
operator-oriented graphical interface.

A. Robot Description

The experimental platform was based on the SIASUN
SR25A-20/1.80 six-axis industrial robot. The manipulator has a
nominal payload capacity of 20 kg, a maximum operating
radius of approximately 1803 mm, and a repeatability of £0.05
mm. The robot can be installed in both upright and inverted
configurations, which allows it to be integrated into different
industrial workcells. The SR25A-20/1.80 has also received
European CE certification, indicating its applicability in

industrial automation environments. The industrial robot
employed in this work is shown in Fig. 1. The six revolute
joints provide sufficient flexibility for positioning the end
effector at different locations and orientations within the
working area. Depending on the installed tool, the robot can be
used for material handling, marking, assembly, welding,
inspection, and other repetitive industrial operations.

Fig. 1. Image of the Siasun robot SR25A-20.
In the proposed system, the robot was used as an execution

platform that receives target positions generated by the external
vision and control software. The robot controller stores
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Cartesian positions using position registers containing the
translational coordinates as well as the orientation components.
During operation, the target positions are transferred to these
registers and then executed using joint-space or Cartesian
motion instructions. The orientation values can either be
obtained from previously taught positions or assigned
according to the orientation required by the technological
process. The main characteristics of the experimental robot are
summarized in Table II.

TABLE I MAIN CHARACTERISTICS OF SIASUN
Parameter Value
Number of controlled axes 6
Maximum payload 20 kg
Maximum working radius 1803 mm
Position repeatability 0.05 mm
Controller SIASUN SRC E5
Communication interface used in this study Ethernet TCP/IP

B. Connection Interface

Communication between the robot controller and the
external computer was implemented through an Ethernet
network using the TCP/IP protocol. TCP provides connection-
oriented and reliable byte-stream transmission, which is
suitable for transferring robot coordinates, system states, and
control messages between two network devices. The robot
controller and the computer were connected to the same local
network. Static [Pv4 addresses were assigned to both devices,
and the subnet mask was configured so that the controller and
the computer belonged to the same subnet. Before starting the
robot program, the network connection was verified using the
controller web interface and basic network diagnostic tools. In
the proposed configuration, the external computer operates as a
TCP server, while the STASUN controller acts as a TCP client.
The computer continuously listens on a predefined IP address
and port. When the corresponding robot instruction is
executed, the controller creates a connection to the server and
starts the data exchange.

Several practical difficulties were observed during the
connection setup. First, an incorrect IP address or subnet mask
prevented the devices from detecting each other, even when the
physical Ethernet connection was active. Second, the firewall
of the computer could block the selected TCP port. Third, the
robot controller and the computer processed line endings
differently. Therefore, each transmitted message was
terminated by a predefined end-of-line character. Fourth, the
TCP connection could be closed before the complete
coordinate message was received. This required an explicit
communication state and message confirmation mechanism.

Another difficulty was related to the difference between
TCP packets and application-level messages. A single
coordinate string could be divided into several received data
blocks, or several short messages could be received together.
For this reason, the computer did not treat each recv()
operation as a complete command. Instead, received bytes
were accumulated in a buffer until the selected message
delimiter was detected.
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The communication procedure was implemented at two
levels. The high-level communication and data processing
were performed by the computer application, while the low-
level connection and motion instructions were executed inside
the STASUN controller program.

At the robot-controller level, the communication sequence
consists of creating a TCP connection, sending a request or the
current robot state, receiving a response from the computer,
converting the received text into a position register, executing
the robot movement, and closing or preserving the connection
according to the selected operating mode. The simplified
communication sequence is expressed as Eq. (1).

Oopen => Ssend => Rreceive => Cconvert => Eexecute (1)

where, O represents the establishment of the TCP
connection, S is the message transmitted by the controller, R is
the coordinate message returned by the computer, C is the
conversion from a text string into a robot position, and £
represents the execution of the movement command. The
controller program uses low-level instructions such as
TCPCREATE, TCPSEND, TCPRECV, and TCPCLOSE. The
current Cartesian position can be read from the controller and
stored in a position register. The register values are then
converted into a character string and transmitted to the
computer. Similarly, the coordinate string received from the
computer is converted back into a position-register format
before the movement instruction is executed. A typical
transmitted target position has the following structure Eq. (2).

P, = (X,Y:,Zi, Riiy Ry iy Riziy) 2

There is i is the trajectory-point index. A message delimiter
is added to the end of each position to allow the receiving
program to determine when the complete coordinate message
has arrived. For trajectories containing several points, the
computer first transmits the total number of positions N. The
controller then requests or receives the positions sequentially

Eq. (3).
T ={P,P,, ..., Py} 3)

Only one point is written into the active position register at
each iteration. After the point has been successfully parsed, the
robot executes the corresponding motion and proceeds to the
next point. This approach avoids storing the complete
trajectory in the limited set of controller registers and
simplifies the wvalidation of individual positions. The
communication protocol also contains acknowledgment
messages. After receiving and parsing a valid position, the
controller or computer returns an OK response. When the
coordinate string is incomplete, incorrectly formatted, or
outside the expected range, an error response is generated, and
robot motion is not started. One of the practical problems was
that a position received as an ordinary string could not always
be used directly by the robot motion instruction. Although the
displayed coordinate values were correct, the controller
required the complete internal position-register structure,
including coordinate-system and orientation-related fields.
Therefore, the received values were inserted into a previously
initialized position register rather than being treated as an
independent uninitialized position.
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C. Segmentation Module

The segmentation module was designed to identify the
workpiece or the working region selected by the operator.
Instead of requiring the operator to manually specify all
trajectory coordinates, the system allows the user to provide a
small number of visual prompts, such as positive clicks inside
the required object and negative clicks outside it. The initial
mask was generated using an interactive segmentation model
based on the Segment Anything approach. This type of model
accepts points, bounding boxes, or masks as prompts and
produces a pixel-level segmentation of the selected image
region. However, the general-purpose pretrained model did not
always provide stable masks for the industrial scene. The
observed difficulties included low contrast between the
workpiece and its background, reflected light from metallic
surfaces, partial occlusion by the robot end effector, and the
presence of visually similar objects. Therefore, the
segmentation model was additionally adapted to the target
industrial environment. The fine-tuning dataset consisted of
images collected directly from the experimental workspace.

The images contained different robot positions,
illumination conditions, viewing angles, target locations, and
partial occlusions. Each image was annotated with the required
working-region mask. Data augmentation was applied through
changes in image brightness, contrast, scale, rotation, and
geometric position. During fine-tuning, the pretrained visual
representation was preserved, while the task-specific
segmentation layers were adjusted using the collected
industrial images. This reduced the number of training samples
required compared with training a segmentation network from
the beginning. For an input image i and an operator prompt g,
the segmentation model produces a binary mask Eq. (4).

M = fioy1,9) 4

where, f(gy is the segmentation model with parameters 6,
and Eq. (5).

1, if pixel (u, v)belongs to the selected region
. 6))
0, otherwise

M(u,v) = {

The model was optimized using a combined segmentation
loss, Eq. (6).

Lseg = A1 Lpce + Az Lpjce (6)

Here Lpcgis the binary cross-entropy loss, Lp;ce is the Dice
loss, and A;and A,are weighting coefficients. After obtaining
the mask, its contour was extracted and filtered to remove
small isolated regions. The operator could accept the mask, add
another positive point, or mark an incorrectly segmented region
with a negative point. The corrected mask was then used to
calculate the required image points. The depth value
corresponding to a selected pixel (u,v) was used to reconstruct
its position in the camera coordinate system Eq. (7).

X, = (u—c)Z,
fe

Y. = (v—c¢,)Z
fy
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Z. = Depth(u,v) 7

Function Depth(u,v) is the measured depth, f, and f, are
the camera focal lengths, and C, and C,represent the principal
point. The three-dimensional camera coordinates were
subsequently converted into the robot-base coordinate system
Eq. (8).

pr = RerPe + ter 3

where, p.is a point in the camera coordinate system, p, is
the corresponding point in the robot coordinate system, R, is
the rotation matrix, and t, is the translation vector obtained
during camera-to-robot calibration.

The novelty of the proposed segmentation module is not
limited to the application of an existing segmentation network.
The module combines interactive operator prompts, domain-
specific fine-tuning, depth-based coordinate reconstruction,
and direct generation of executable industrial robot positions.
Thus, the segmentation result is not used only for visual
recognition but becomes an active component of the robot-
control loop.

D. Graphical User Interface

A graphical user interface was developed to integrate
camera visualization, interactive segmentation, robot
communication, and trajectory execution in a single
application. The interface was implemented on the external
computer and was designed for operators who may not have
experience with the native controller language. The main GUI
window contains the following functional areas:

e alive camera-image panel.

e an interactive segmentation panel.

e network-connection parameters.

e robot-motion parameters.

e acommunication log.

o a three-dimensional robot-workspace view.
e trajectory-generation and execution controls.

The camera panel displays the current RGB image and
allows the operator to select the required working region.
Positive and negative points are shown using different markers.
After every additional prompt, the segmentation mask is
updated and overlaid on the original image. The connection
panel contains the robot IP address, server address, TCP port,
connection state, and the number of transmitted trajectory
points. The connection status is displayed as disconnected,
waiting, connected, transmitting, executing, completed, or
error. Before starting robot motion, the interface checks
whether the camera is available, a valid segmentation mask has
been generated, the coordinate transformation has been loaded,
and the TCP server is active. This prevents the trajectory from
being transmitted when one of the required system components
is unavailable.

The three-dimensional view visualizes the generated
trajectory in the robot coordinate system. It is used to verify
that the calculated points are located inside the expected
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working region. The operator can inspect the trajectory before
transmitting it to the controller. The GUI does not directly
control the robot servo drives. Instead, it generates and
transmits target positions, while the final motion execution
remains inside the controller. This architecture preserves the
controller-level motion and safety functions while allowing
computationally demanding vision and segmentation
operations to be performed on the external computer. Fig. 2
presents the overall architecture of the developed system.

Robot Workspace

Target area
D
i
'

Trajectory

Vision System

Industrial Robot

e 4
Field of View

RGB-D Camera

Robot Commands via TCP/IP

Monitor Preview
|

.
Image Data |
. Operator Station
\\ "
~

Data and power connection

. :

\‘ Desktop Computer ‘

|

‘ Operator

Fig. 2. Overall architecture of the proposed visual servoing framework for
industrial robot control.

The image-processing and segmentation operations are
performed on the computer, while the controller is responsible
for the interpretation and execution of the received positions.

IV. RESULTS

The proposed visual servoing framework was evaluated in
an industrial workspace using a collaborative robot, an RGB-D
camera, and the fine-tuned Segment Anything Model (SAM).
The objective of the experiment was to verify whether the
interactive segmentation approach can reliably identify
operator-selected regions and generate stable target coordinates
for subsequent robot motion. After fine-tuning on the collected
industrial images, the segmentation model successfully
distinguished the working area from the surrounding
background despite variations in illumination, reflections from
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metallic surfaces, and partial occlusions. Unlike conventional
threshold-based segmentation, the proposed approach
preserved object boundaries and remained stable under
different viewing conditions. The operator selected the desired
working region using a single prompt, after which the SAM
model generated the corresponding segmentation mask. The
resulting mask was subsequently converted into a three-
dimensional point using the depth information provided by the
RGB-D camera. Fig. 3 presents examples of interactive
segmentation obtained during the experiments.

Fig. 3. Image of target segmentation.

This point was then transformed into the robot coordinate
system through the previously obtained calibration matrix. The
confidence score produced by the segmentation model
remained consistently high throughout the experiments. Table
IIT demonstrates the segmentation results. The average
confidence on the target region reached approximately 91% for
the selected industrial regions, indicating that the detected
masks closely matched the intended target areas. The
confidence score produced by the model reached 98% for the
target region, while the robot arm and workspace were
segmented with confidence scores of 90% and 85%,
respectively, as shown in Fig. 4. High confidence values were
observed even for objects with low texture and moderate
illumination changes, demonstrating the robustness of the
proposed approach.

SAM Segmentation Confidence for Selected Regions
98%

1004 --- Target confidence: 98%
90%

804

60 -

40

Confidence rate (%)

20 4

Robot arm Workspace Target region
Segmented image regions
Fig. 4. Segmentation results.
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TABLEIIl.  SEGMENTATION PERFORMANCE OF THE PROPOSED METHOD
Metric Value
Average confidence score target 91%
Average inference time 46 ms
Successful segmentations 95%
Failed detections 5%

The average inference time remained below 50 ms,
allowing the segmentation process to operate close to real time.
Consequently, the delay introduced by the vision subsystem
did not noticeably affect the overall robot response during the
visual servoing process. After the operator selected the desired
region, the segmentation mask was generated by SAM,
transformed into three-dimensional coordinates using the depth
image, converted into the robot reference frame through hand-
eye calibration, and finally transmitted to the robot controller.
Throughout the experiments, the robot successfully reached the
designated target positions without requiring manual
correction. Overall, the experimental results demonstrate that
integrating interactive segmentation with robot-computer
communication provides a reliable method for industrial visual
servoing. The high segmentation confidence, low inference
latency, and stable coordinate transformation collectively
confirm the applicability of the proposed system for practical
industrial manipulation tasks.

V. DISCUSSION

The experimental findings demonstrate that integrating
interactive image segmentation, RGB-D perception, coordinate
transformation, and robot—computer communication can
provide a practical visual servoing solution for flexible
industrial manipulation. The proposed framework achieved an
average  target-region  segmentation  confidence  of
approximately 91%, a successful segmentation rate of 95%,
and an average inference time of 46 ms. These results are
particularly relevant because the segmentation output is not
treated merely as a computer-vision result; instead, it is
transformed into  three-dimensional  coordinates and
subsequently transmitted to the industrial robot controller for
physical execution. This integration reduces dependence on
manually taught positions and enables operators to redefine
task-relevant regions directly from camera images.

The obtained results should also be considered within the
broader development of machine learning-based industrial
robotics. Conventional visual servoing depends strongly on
explicitly defined image features, calibration models,
geometric relationships, and control rules. Machine learning
provides an alternative in which relevant visual representations
or control relationships can be learned from data. Learning-
based robotic systems can therefore improve their response to
variations in object appearance, workspace configuration,
illumination, and operating conditions. For the proposed
framework, machine learning-based solutions could
complement the existing coordinate-transformation pipeline by
learning residual calibration errors, estimating target pose,
predicting segmentation reliability, or selecting appropriate
manipulation points. Such capabilities would be particularly
beneficial when extending the current system from operator-
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assisted manipulation toward increasingly autonomous
industrial operation [30].
Deep learning offers additional advantages because

convolutional neural networks, vision transformers, and hybrid
architectures can extract hierarchical representations directly
from industrial images. Rather than relying on handcrafted
features, deep learning-based solutions can simultaneously
learn texture, shape, boundary, and contextual information
relevant to robotic perception [31]. This characteristic is
important in the experimental environment considered in this
study, where metallic reflections, partial occlusions, low-
texture regions, and illumination variations may affect
conventional image-processing algorithms. The fine-tuned
SAM used in the proposed framework follows this broader
transition toward data-driven perception, while domain-
specific adaptation allows the general visual representation to
be adjusted to industrial imagery. The adopted fine-tuning
strategy also reduces the need to train a segmentation network
completely from scratch.

Another important direction concerns the combination of
segmentation with automatic object detection and pose
estimation. Modern machine learning algorithms can identify
candidate objects before segmentation, whereas deep neural
networks can estimate object categories, orientations, grasping
points, and spatial relationships [32]. Integrating these
algorithms with the present architecture could progressively
reduce the number of operator prompts required for
manipulation. Nevertheless, complete automation is not
necessarily desirable in every manufacturing scenario.
Operator-guided segmentation retains human supervision and
provides an intuitive mechanism for handling previously
unseen components, unusual production configurations, and
low-volume manufacturing tasks. Human-in-the-loop machine
learning could therefore provide a useful compromise between
fully manual robot programming and completely autonomous
perception [33].

The computational performance of the proposed system is
also significant for industrial deployment. An average
inference time of 46 ms indicates that segmentation can operate
close to real time without introducing a substantial delay into
the visual servoing workflow. However, increasing the
complexity of future deep learning models may create a trade-
off between perception accuracy and response latency.
Lightweight CNNs, compact vision transformers, knowledge
distillation, pruning, quantization, and hardware-aware neural-
network optimization could therefore be investigated to
maintain low latency while improving robustness [34]. Edge-
based inference would further reduce dependence on remote
computational resources and could improve predictability for
time-sensitive industrial tasks [35].

The modular separation between perception and robot
execution represents another practical strength.
Computationally demanding segmentation and image
processing are performed on the external computer, whereas
motion execution and controller-level safety remain within the
industrial robot controller. This architecture makes it possible
to update machine learning and deep learning algorithms
without substantially modifying the robot hardware. It also
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creates opportunities for integrating reinforcement learning,
particularly for trajectory optimization, grasp selection, and
adaptive motion planning. Reinforcement learning-based
algorithms could use visual observations, robot states, and task
outcomes to optimize manipulation policies while conventional
controller constraints preserve safe execution [36].

Several limitations should nevertheless be acknowledged.
The current evaluation was performed within the tested
industrial workcell and primarily considered operator-assisted
target selection. Consequently, the reported segmentation
performance does not establish equivalent robustness across
different factories, cameras, robots, object materials, or highly
dynamic environments. Domain shift remains an important
challenge for deep learning-based industrial vision because
changes in illumination, camera characteristics, backgrounds,
and object appearance can reduce model generalization. Future
experiments should therefore include larger multi-condition
datasets, cross-workcell validation, more extensive quantitative
localization measurements, and comparisons with conventional
machine learning, CNN-based segmentation, transformer-
based segmentation, and other foundation-model approaches
[37].

Finally, future development could combine multi-camera
perception, machine learning-based uncertainty estimation,
automatic grasp planning, deep learning-based object
understanding, and collaborative multi-robot coordination.
Multiple viewpoints could reduce occlusion, while uncertainty-
aware algorithms could prevent robot motion when
segmentation or coordinate estimation is unreliable. Multi-
robot systems could additionally share a centralized perception
model and exchange task information through the existing
communication architecture [38]. Overall, the results suggest
that the proposed framework provides a suitable foundation for
progressing from interactive visual servoing toward more
autonomous and adaptive industrial robotics, while retaining
the operator supervision and controller-level safeguards
required for practical manufacturing deployment.

VI. CONCLUSION

The proposed visual servoing framework demonstrates that
interactive segmentation can be effectively integrated with
industrial robot control through a unified robot-computer
communication architecture. Unlike conventional
programming methods that require predefined robot
trajectories, the proposed approach enables an operator to
specify the desired working region directly from the camera
image, while the system automatically converts the selected
region into robot motion commands. Experimental evaluation
confirmed reliable communication between the computer and
the industrial robot and showed that the fine-tuned
segmentation model achieved average confidence values of up
to 91% for the target industrial region, providing sufficiently
accurate visual information for manipulation tasks. The
proposed framework is modular and can be adapted to different
industrial robots and vision sensors with only minor
modifications to the communication interface. Future work will
focus on improving robustness under varying illumination
conditions, extending the method to three-dimensional object
understanding, integrating automatic grasp and path planning

Vol. 17, No. 8, 2026

algorithms, and validating the framework in more complex
industrial scenarios involving multiple objects and dynamic
environments. Overall, the presented system represents a
practical step toward more intuitive, flexible, and intelligent
visual servoing solutions for modern industrial robotic
applications.
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