)

Check for
updates

From Medical Imaging to Robotic Perception: Real-Time
Depalletising with Instance Segmentation

Jozsef Lénart'® and Laszlo Roénai'(® and
Gyorgy Hegediis!

! University of Miskolc, Miskolc-Egyetemvaros, 3515, Hungary
jozsef.lenart@uni-miskolc.hu

Abstract. This paper presents a real-time robotic depalletising system that
combines YOLOvS-seg-based instance segmentation with RGB-D depth sensing.
Motivated by the successful transfer of segmentation paradigms from medical
imaging to industrial robotics, the proposed system performs pixel-accurate
object detection and three-dimensional localisation of cardboard boxes on the top
layers of pallets without requiring a predefined pallet model. The software
architecture, implemented in C++ 17 with OpenCV, ONNX Runtime, and the
Orbbec SDK, consists of four modular components: image acquisition, instance
segmentation, 3D coordinate calculation, and TCP/IP-based robot
communication. Experimental evaluation in a real industrial environment
demonstrated a detection rate of 98%, a localisation accuracy of £3 mm, and a
processing throughput of 10 FPS. The results confirm that instance segmentation
significantly outperforms traditional object detection methods in providing
geometric information for robotic grasping, and that architectures originally
developed for medical image analysis can be effectively deployed in logistics
automation.

Keywords: Instance segmentation, robotic depalletising, YOLOv8-seg, RGB-D
sensing, real-time 3D localisation.

1 Introduction

With the development of industrial automation, robotic material handling systems are
playing an increasingly important role in logistics and manufacturing processes. During
depalletising, products stacked on pallets must be automatically recognised, localised,
and removed. Although the mechanical precision of modern industrial robots now en-
ables reliable manipulation, the system’s performance is still primarily limited by the
sensing subsystem [1]. The depalletizing task is significantly complicated by the di-
verse appearance of cartons, different surface characteristics, varying illumination, and
contact and partial coverage between objects. It is not enough for a robot to recognise
the presence of objects; their precise separation and spatial identification are also re-
quired for reliable grasping [1, 2]. Traditional image processing methods, such as edge
detection, contour extraction, or template matching, work well in structured environ-
ments, but the changing requirements of modern logistics systems increasingly exceed
their capabilities [3]. The rise of deep learning has enabled semantic interpretation of
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scenes and pixel-accurate object delineation. The development of segmentation has
been particularly significant in the field of medical imaging. U-Net and its improved
versions [4—7] have laid new foundations for semantic segmentation, while later in-
stance segmentation models — Mask R-CNN, YOLACT and YOLOvS-seg — have also
enabled the separation of individual objects [8—17]. In recent years, transformer-based
architectures and basic models such as SAM and MedSAM have further expanded the
application possibilities of segmentation [18—20]. There are several methodological
connections between medical imaging and industrial robotics. In both fields, accurate
separation of relevant objects and reliable interpretation of noisy, partially obscured
elements are fundamental tasks. As a result, several architectures originally developed
for medical applications have also appeared in machine vision. The aim of the research
was to develop an image processing system capable of automatically recognising card-
board boxes on the top layer of a pallet, separating objects that are in contact with each
other, and localising them in three dimensions. To this end, a YOLOvS-seg-based in-
stance segmentation model and an Orbbec Gemini 435LE RGB-D camera were used.
This paper reviews the evolution of segmentation paradigms from medical imaging to
industrial robotics applications and presents a practical depalletising system that imple-
ments these methods for real-time object recognition and three-dimensional localisa-
tion.

2 The applied methodology

2.1 Development and applicability of segmentation paradigms

During the development of modern machine vision, object detection, semantic segmen-
tation, instance segmentation, and panoptic segmentation have become the most im-
portant paradigms for scene interpretation. Object detection describes the location of
objects in terms of bounding boxes [8], while semantic segmentation assigns a class
label to each pixel [4-7]. Instance segmentation combines these approaches and assigns
a separate pixel-accurate mask to each object instance [9—-17].
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Fig. 1. Evolution of segmentation paradigms from medical imaging to industrial robotics.

The most recent development direction is represented by transformer-based archi-
tectures and basic models such as SAM and MedSAM [18-20]. In robotic depalletising
tasks, instance segmentation is the most suitable approach, as it enables the separation
of objects that are in contact and the determination of geometric information necessary
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for grasping. The development of segmentation paradigms and their relationship to
medical imaging is illustrated in Fig. 1. Considering the requirements of the depalletis-
ing task, instance segmentation proved to be the most suitable solution, as it simultane-
ously provides object separation and the geometric information required for robot con-
trol.

2.2 Selection of the YOLOv8-seg model

The main considerations for selecting the segmentation architecture were real-time op-
eration, recognition accuracy, and industrial integrability. A comparison of the widely
used Mask R-CNN, YOLACT, SOLOv2, and YOLOvS-seg models is shown in Table 1.
YOLOvS-seg provides a favourable balance between accuracy and processing speed
while supporting ONNX-based industrial deployment [17, 21].

Table 1. Comparison of representative instance segmentation models.

Model Speed Accuracy Real-time applicability
Mask R-CNN Low Very high Limited
YOLACT High Moderate Good
SOLOv2 Moderate High Good
YOLOVS-seg High High Excellent

Since the application under study requires recognition of a single object class, the
model is well suited to the requirements of the depalletising environment.

2.3 Hardware and software architecture

The system sensor is an Orbbec Gemini 435LE RGB-D camera, which provides syn-
chronised colour and depth data. The software was written in C++17 using OpenCV,
ONNX Runtime and Orbbec SDK. The processing chain consists of four main modules:

1. RGB-D image capture,

2. YOLOvS-seg-based instance segmentation,

3. 3D coordinate calculation,

4. robot communication via TCP/IP connection.

This modular structure not only allows easy expansion of the system and adaptation
to different robot platforms, but also ensures that the neural network, coordinate calcu-
lation, and robot communication operate as independent components. Building on this
foundation, the next section describes how three-dimensional localisation is achieved.
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2.4 Three-dimensional localisation

The spatial position of the detected objects is determined using the masks generated by
YOLOvS-seg and the depth image. Based on the depth values assigned to the centroids
of the objects, the coordinates can be calculated using the classic depth camera model:
oo cX)fx,y:(v cy)fy,z:depth(u,v), (1)
z z
where (u, v) are the coordinates of the pixel, (cy, ¢,) are the coordinates of the principal
point, and (f;, f;) are the focal lengths of the camera. The points defined in the camera
coordinate system are transferred to the robot coordinate system using a calibrated
transformation. Based on depth information, the system can automatically determine
the objects on the top layer of the pallet, thereby supporting the selection of the next
grasping target.

3 Results

The performance of the developed depalletising system was tested in a real industrial
environment using cartons of different sizes and appearances. The tests also included
objects with different surfaces, labelled objects, and partially covered objects, as these
pose significant challenges for robotic depalletising.

a) RGB-D camera image. b) Depth map of camera image.

¢) Instance segmentation result

Fig. 2. Application of instance segmentation in an industrial depalletising scenario. The RGB-D
image a) and the corresponding depth map b) are processed by an instance segmentation model
to identify individual packages and estimate their spatial locations for robotic grasping c).
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3.1 Instance segmentation results

The YOLOvS-seg-based system reliably separated cartons that were in contact with
each other and delivered stable segmentation results across varying illumination and
surface conditions. Pixel-accurate masks allowed for the determination of geometric
features of the objects and supported 3D localisation (see Fig. 2). The results showed
that instance segmentation significantly improves the quality of geometric information
available to the robot compared to traditional object detection methods.

3.2 Performance metrics

To evaluate the system’s performance, the detection rate, position accuracy, and pro-
cessing speed were examined. The system successfully recognised 98% of the visible
objects. False detections typically occurred in cases of significant occlusion or when
the geometry differed from that in the training data. The accuracy of the three-dimen-
sional localisation was £3 mm, while the entire processing chain operated at an average
speed of 10 FPS.

3.3  Three-dimensional localisation and industrial applicability

The integration of depth information enabled the determination of the objects’ spatial
coordinates and the automatic selection of targets located in the top layer of the pallet.
The system did not require a predefined pallet model or a known number of layers,
since target selection was based solely on real-time geometric measurements. The mod-
ular architecture allows for easy integration with different robot platforms. The coordi-
nates of the detected objects can be transmitted to the robot controller via standard
TCP/IP communication, while the built-in annotation environment supports the rapid
adaptation of the system to new products and logistics environments. Based on the re-
sults, it can be concluded that the combination of instance segmentation and RGB-D
sensing is suitable for supporting real-time industrial depalletising tasks while provid-
ing a favourable compromise between accuracy, processing speed, and integrability [1,
13,17, 21, 22].

4 Discussion

The results show that segmentation methods developed in medical imaging can be suc-
cessfully adapted to industrial robotics applications. In both areas, a fundamental task
is to accurately separate relevant objects in noisy, partially obscured or changing envi-
ronments [4-7]. The research clearly illustrates the importance of technological
knowledge transfer between the two disciplines. Based on the studies, instance segmen-
tation proved to be the most suitable approach for the depalletising task. In contrast to
object detection, it provides not only the object’s position but also its precise geometric
description and can separate objects that are in contact [9—13]. This directly supports
robotic manipulation tasks and the determination of grasping points. The use of
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YOLOvS-seg represented a suitable compromise between accuracy and real-time oper-
ation. Although higher-accuracy architectures exist, in an industrial environment, pro-
cessing speed and system integration are often as important as maximum recognition
performance [17, 22]. The integration of RGB-D sensing has allowed the segmentation
results to be directly linked to three-dimensional localisation and robot control. The
current directions of segmentation development offer further opportunities for indus-
trial robotics. Transformer-based architectures and basic models such as SAM or Med-
SAM [18-20] are expected to reduce the need for application-specific training data
while improving generalisability. In addition, an increasingly important area of research
is the integration of segmentation and robotic decision-making, in which segmentation
masks can be used not only for object recognition but also to support manipulation
planning. The presented system is currently designed to handle a single object class;
therefore, an important direction for future research is investigating multi-class
depalletising tasks and comparing different segmentation architectures in an industrial
environment. Overall, it can be concluded that segmentation technologies derived from
medical imaging are playing an increasingly decisive role in the development of intel-
ligent robotic systems.

5 Conclusions

The study reviewed the development of segmentation methods from medical imaging
to industrial robotics applications and presented a depalletising system based on
YOLOvS-seg and RGB-D sensing. The results demonstrated that the segmentation par-
adigms developed in medical imaging can be effectively applied in industrial environ-
ments. Based on the studies, instance segmentation proved to be the most suitable ap-
proach for supporting robotic depalletising tasks, as it can separate objects that are in
contact with each other and provide the geometric information necessary for manipu-
lation. The presented system achieved a detection rate of 98%, positional accuracy of
+3 mm, and a processing speed of 10 FPS, providing a suitable basis for real-time in-
dustrial applications. One of the most important results of the research is the demon-
stration that the development of medical imaging and industrial robotics is closely
linked. From U-Net-based models to instance segmentation architectures to the latest
basic models, a technological development chain is emerging that is of decisive im-
portance for both areas. In the future, the role of transformer-based architectures and
universal models such as SAM or MedSAM is expected to continue to grow, thereby
increasing the generalisability and applicability of robotic vision systems. Overall, seg-
mentation plays a key role in the development of next-generation intelligent robotic
systems.

Disclosure of Interests. The authors have no competing interests to declare that are relevant to
the content of this article.
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