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Abstract

This paper presents a novel synthetic learning-based approach for solving the component-
to-slot assignment problem in robotics using a SCARA robot. The method uses a fully
simulated environment that generates and annotates scenes based on rules and visual
features. Within this environment, we train a permutation-invariant neural model to
predict correct assignments between detected components and predefined target slots.
Set Transformer-based encoders are combined with a self-attention MLP scoring head.
Assignment prediction is optimized using an improved soft Hungarian loss function. To
increase data realism and generalizability, we implement a synthetic dataset generation
module on the NVIDIA Omniverse platform. This setup enables precise control over scene
composition and component placement. The resulting model achieves high matching
accuracy on complex layouts with variable numbers of components and demonstrates
strong generalization across multiple configurations. Our results validate the feasibility
of learning bijective mappings in simulated assembly scenarios, providing a foundation
for scalable real-world robotic pick-and-place tasks. Tests were also conducted on actual
robot units.

Keywords: SCARA robot; permutation invariant transformers; set transformers; synthetic
learning; pick-and-place; NVIDIA Omniverse; bijective mapping

1. Introduction
The application of industrial robot devices has become crucial in modern electronics

manufacturing, especially in assembly processes. SCARA (Selective Compliance Assembly
Robot Arm) robots have widely been used for tasks such as component placement on
printed circuit boards (PCBs), where high precision and repeatability are essential. However,
traditional programming and rule-based control approaches often encounter limitations
due to difficulties in handling varying numbers of components, uncertainties arising from
noisy detection, and optimization of assembly sequences. As a result, machine learning-
and deep learning-based methods are becoming increasingly prominent.

In recent years, several studies have examined the connection between visual recogni-
tion and robotic arm control, but little attention has been paid to solving the component–slot
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assignment problem using generalized neural networks. This task is combinatorial in na-
ture: given a set of components and a set of slots, the goal is to achieve a 1:1 assignment
that ensures that each component is placed in the correct location. The challenge is particu-
larly complex when the input contains irrelevant or incorrect (dummy) detections and the
order of the components is not predefined. Although Set Transformer architectures have
proven their effectiveness in processing permutation-invariant set data, their application in
industrial robotics environments has been a less-researched area so far.

The aim of this work is to develop a method that can learn the assignment between
components and slots based on synthetic data. Data synthesis is performed in a modular
manner, which we implement in the Omniverse environment developed by NVIDIA.
Overall, the presented system contributes to industrial robotics research by offering a
new method for solving the component–slot assignment problem. The combined use
of synthetic data generation, permutation-invariant model architecture, and special loss
functions makes it possible to bring learning-based control of SCARA robots closer to real
industrial applications.

The rest of this work is structured as follows. Section 2 provides an overview of the
most relevant and important publications and previous works related to the topic. Section 3
presents the characteristics of the SCARA robot device and describes the inverse kinematic
relationships on which the device’s operation can be modeled. Section 4 presents the
formal background of the developed methodology, while Section 5 details the architecture
and design steps, as well as the process of generating synthetic data. Section 6 describes
the training of individual components of the architecture, while Section 7 demonstrates
how the methodology works in the Omniverse environment. Conclusions are drawn in
Section 8.

2. Related Works
Recently, synthetic data generation has garnered increasing attention in robotics and

machine vision applications. The so-called domain randomization approach allows neural
networks to learn from simulated environments and then operate robustly in the real
world [1]. This is linked to industrial tools such as NVIDIA Omniverse and Replicator,
which utilize rule-based and physical validation to aid in creating realistic scenes [2,3].

Kaigom reviewed how metaverse and digital twin technologies can be applied in
robotized industrial environments [4]. The author emphasized that integrating virtual
simulation and artificial intelligence can be an effective tool for training robots, optimiz-
ing manufacturing processes, and enhancing human–machine collaboration. The arti-
cle specifically addresses the automation focus of Industry 4.0 and the human-centered,
sustainability-oriented approach of Industry 5.0.

Pasanisi et al. demonstrated how domain randomization can be utilized to apply
synthetic images to industrial object recognition tasks [5]. Two real-world industrial
applications are used to illustrate how models trained on synthetic images can effectively
detect objects in real environments. Synthetic data generated from CAD models can
significantly reduce the sim-to-real gap while also minimizing the need for annotation.

Component–slot pairing is formulated as the classic assignment problem, optimally
solved using the Hungarian algorithm [6]. Yu et al. introduced a graph-matching model
that applies a channel-independent embedding layer and a novel loss mechanism [7].
In this approach, the Hungarian algorithm produces a mask (Z) within the Hungarian
attention layer. This mask adjusts the weighting between predicted and actual assignments,
so the loss concentrates on incorrect pairings, while well-matched elements contribute less
to the learning process.
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In recent years, differentiable and heuristic assignment methods have emerged, en-
abling neural networks and optimization algorithms to address assembly scheduling and
component allocation tasks directly. Garcia-Najera et al. [8] proposed a genetic algorithm-
based approach that jointly optimizes the slot assignment of components and the pick-and-
place sequence, effectively minimizing overall assembly time and cost. Similarly, Ahmadi
et al. [9] investigated optimal component allocation on modular placement machines and
introduced a combinatorial optimization model, along with a heuristic solution, to reduce
production cycle time by efficiently distributing components among machine modules.
Crama et al. [10] further analyzed feeder assignment optimization in printed circuit board
assembly, demonstrating through mathematical models that appropriate feeder allocation
significantly improves productivity. Complementary to these algorithmic approaches, Li
et al. [11] developed a deep learning–based augmented reality system that supports manual
assembly by recognizing and tracking components in real time, providing visual guidance
that reduces human error and increases assembly efficiency.

Recent research has addressed the reality gap between simulation and physical sys-
tems using domain randomization and adaptive control. Approaches such as those as
Tobin et al. and Peng et al. demonstrated that randomizing textures, lighting, and dy-
namics enables robust transfer of trained policies to real robots [1,12]. Modern assembly
frameworks increasingly rely on end-to-end visuomotor learning, which is often trained
in simulation and then transferred to real robots. Studies by James et al. and Zhang et al.
demonstrate that deep reinforcement and imitation learning methods can execute insertion
or alignment tasks directly from sensory input [13,14]. Recent work explores differentiable
combinatorial matching using Gumbel–Sinkhorn or attention-based relaxations of the
Hungarian algorithm. Examples include Mena et al. [15] and Yu et al. [7], which learn
soft permutation matrices or integrate differentiable matching layers into graph networks.
Sarlin, P.-E et al. developed a superGlue-based architecture, the essence of which is that
it replaces traditional feature matching approaches with a matching module based on a
graph neural network, which determines the assignments between the key points of two
images in a learned manner [16].

Transformer-based models have revolutionized the processing of sequence-independent
and set-based inputs. Lee et al. designed specifically for such problems and are well-suited
for learning relationships between components and slots [17]. Zhou W. et al. presented
a combination of Set Transformer and Knowledge-Assisted Network for detecting faults
in steel plates [18]. The method is supplemented by a feature importance analysis, which
improves interpretability and accuracy. The results confirm that the proposed approach
outperforms traditional neural networks in industrial quality control.

DETR is based on similar principles, reformulating object detection as an assignment
task [19]. During training, predictions are matched with ground truth objects using a
Hungarian matching procedure: this determines which prediction belongs to which ground
truth (one-to-one assignment), and loss calculation (classification and bounding box loss) is
then based on this.

The H-DETR model further develops the original “one-to-one” matching strategy of
DETR by introducing a one-to-many auxiliary branch in the training phase as a supple-
ment [20]. This allows multiple predictions to receive learning signals for the same ground
truth object while preserving the end-to-end, unique assignment property during inference.

Classical inverse kinematic algorithms previously played a major role in control-
ling the movement of robotic arms, but neural network-based approaches have recently
emerged that are capable of directly learning movements from synthetic or real data.
Numerous studies have applied reinforcement learning or supervised learning methods
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to various pick-and-place and assembly tasks, often validating their effectiveness in a
simulation environment.

Calzada-García et al. presented a comprehensive review and complementary exper-
imental study on the use of deep neural networks for inverse kinematics, control, and
motion planning in robotic manipulators [21,22].

Their review [21] systematically compares learning-based and classical numerical
approaches, analyzing performance in both obstacle-free and constrained environments,
and discusses key challenges, including generalization, computational cost, and safety.

The follow-up experimental work [22] demonstrates that DNN-based inverse kine-
matics achieves faster prediction and improved generalization across various manipulator
configurations compared with traditional solvers. Together, these studies confirm that
neural-network-driven inverse kinematics represents a promising and efficient alternative
for complex industrial robotics tasks requiring nonlinear workspace modeling and adaptive
motion planning.

Kovalchuk V. et al. examined the use of artificial neural networks to solve SCARA robot
inverse kinematics problems [23]. The authors analyze the effect of different datasets and
optimization algorithms on the accuracy and convergence of the network, demonstrating
that, with the right combination, ANN provides an accurate and efficient alternative to
classical IK methods. The results highlight that the learning strategy plays a key role in
solving SCARA robot control tasks.

3. SONY SCARA—SRX-611 Robot Unit
At the University of Debrecen in Hungary, the Vehicle Research Center, in collaboration

with the Faculty of Engineering, provides a venue for research and development related to
robotics and vehicle manufacturing. The research center provides the opportunity to test
unique systems in a controlled environment. The Vehicle Research Center is also supported
by the automotive industry, such as BMW (München, Germany) and KUKA Robotics
(Augsburg, Germany).

A Sony Scara SRX-611 robot unit was installed in the Vehicle Manufacturing Lab
in Debrecen, Hungary (see Figure 1). The machine itself is an older SonySCARA-type
robot, which was primarily used for implantation tasks in the industry and was widely
employed [24]. In general, the SRX-611 type robot has several limitations, the main reason
being that it is a 1978 model [25].

 

Figure 1. The main building of Vehicle Manufacturing Lab and Research Center.

The industry standards of the time were significantly different, which is why the robot
controller cannot communicate over a network and lacks USB (Universal Serial Bus) ports.
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The machine is of the RRT type, with an arm weighing 35 kg. For pick’n place tasks, it
has an ideal payload of 2 kg (see Figure 2 and Table 1). The robot unit itself is equipped
with a two-finger electro-pneumatic gripper, which requires an operating pressure of 4 bar.
Maintaining the specified air pressure is necessary for stable material handling.

 

Figure 2. The workspace and the corresponding values of robot arms degrees of SCARA robot unit.

The robot also features a PARO QE 01 31-6000 (Subingen, Switzerland) conveyor belt
system, positioned around the robot arm to ensure a proper flow of parts for sorting or
placement [26]. Due to the limitations of the robot unit, as just detailed, the adaptive
capability of SRX-611 has been greatly degraded. This means that it could be integrated
into production lines with significant constraints, as it does not comply with Industry
4.0 standards, on which Industry 5.0 will largely rely.

Table 1. The parameters of Sony SCARA SRX-611 unit [27].

Arm Length Workspace Maximum Speed Repeatability

1. Axis 350 mm 1. Axis 220◦ - - - -

2. Axis 250 mm 2. Axis ±150◦ - - - -

- - Z. Axis 150 mm Z axis 770 mm/s Z axis ±0.02 mm

- - R. Axis ±360◦ R axis 1150/s R axis ±0.03 mm

The desired end point position is obtained by transforming the objects’ positions and
orientations from the camera coordinate system to the robot base coordinate system. Using
this end point position, actuator commands are determined via classical inverse kinematics
(IK). For a SCARA-type manipulator, the IK can be expressed analytically: the two rotary
arms define the shoulder and elbow angles in the plane according to the target position,
while the vertical prismatic axis and end-effector joint angle are calculated from the target
vertical coordinate and orientation.

Let L1 and L2 denote the lengths of the two planar SCARA links. The target pose of the
end-effector in the base frame is given by the coordinates (x, y, z, ϕ) where (x, y) describes
the planar position, z the vertical displacement, and ϕ the orientation around the vertical
axis. The joint configuration is denoted as q =

[
Θ1, Θ2, q3, Θ4

]
.

The inverse kinematics is derived as follows. First, the squared radial distance is
computed as r2 = x2 + y2. From this, the cosine of the elbow angle c is obtained:

c =
r2 − L2

1 − L2
2

2·L1·L2
(1)
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The second joint angle is then given by

Θ2 = atan2
(
±
√

1− c2, c
)

(2)

where the sign corresponds to the elbow-up or elbow-down configuration. The first joint
angle is computed as

Θ1 = atan2(y, x)− atan2(L2sinΘ2, L1 + L2cosΘ2) (3)

The vertical displacement is obtained as q3 = z − z0, while the orientation of the
end-effector is adjusted by Θ4 = ϕ− (Θ1 + Θ2).

4. Problem Foundation
This section provides formal descriptions and designations related to the developed

method, which served as the basis for designing the multi-level architecture that imple-
ments component assignment.

4.1. The Spatial Workspace of Robot Arm

Let W ⊂ R2 denote a two-dimensional spatial workspace representing the robot
device. Furthermore, this workspace can be divided into three distinct regions, each
performing a different function within the application.

The first one, Rbg ⊂ W , is called the background region and serves as a prohibited
zone. Within this one, no components can be placed, and the robot arm cannot be moved
in either the start or end position.

The second one,Rcomps ⊂ W , represents the components region and contains valid
placement ranges for parts expressed by:

Rcomps =
⋃K

i=1
r(i)comp with r(i)comp ∩ r(j)

comp = ∅ f or i ̸= j. (4)

That is, each r(i)comp ⊂ W (i = 1, . . . , K) is a disjoint set used to hold a specific type of
current part.

The third regionRslots ⊂ W denotes the predefined slots regions of PCB, and can be
given as follows:

Rslots =
⋃L

j=1
r(j)

slot with r(j)
slot ∩ r(i)slot = ∅ f or i ̸= j, (5)

That is, each r(j)
slot ⊂ W (j = 1, . . . , L ) is a disjoint set representing the target position

of each implant placement.
Using the above notation, the three subregions together cover the entire workspace

W ⊂ R2:
W = Rbg ∪ Rcomps ∪ Rslots (6)

while they are pairwise disjunct:

Rbg ∩ Rcomps = ⊘, (7)

Rbg ∩ Rslots = ⊘, (8)

Rcomps ∩ Rslots = ⊘, (9)

Moreover, these regions will now define the formal background for the component–
slot assignment task.
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4.2. The Components-Slot Assignment

Let us consider two specific finite subsets within the workspaceW ⊂ R2. The first
one C = {c1, c2, . . . , cK} denotes a subset of detected components, and the second one
S = {s1, s2, . . . , sL} contains the placeholders of target slots. For the simplest scenario, let
us assume that K = L, so that each component is assigned exactly one location.

Using the above notations, the following bijective mapping f : C −→ S , and can be
given as the following binary matrix:

Y ∈ {0, 1}K×L, Yij =

{
1 i f ci is assigned to sj,

0 otherwise
(10)

The above Equation (10) clearly sets out the conditions for component–slot pairing
(see Figure 3). In later sections, we designed our neural model based on this theoretical
basis, which enables the prediction of assignments.

Figure 3. The workspace of robot device and the corresponding subregions.

5. The Proposed Method
In this section, we present details of our proposed approach, including the architectural

structure, main subcomponents and neural networks, training details, and the necessary
datasets and their characteristics.

5.1. The Concept of the Method

Section 4 described and defined the problem in detail. Based on the theoretical
background, it is clear that the problem cannot be solved easily or at all in a single step,
and that a multi-level architecture will need to be developed.

Firstly, a basic component will be needed that is capable of recognizing objects and
items found in the robot arm’s environment, enabling the robot arm to orient itself.

Next, a main component is needed that is capable of performing component slot
assignment. To ensure this, the component must be able to learn the types of regions found
in the robot arm’s environment, including their locations and sizes, as well as the subtypes
and numbers of components found within them.

Figure 4 shows the structure of the multi-level approach we have proposed
and developed.
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Figure 4. Overview of the proposed SCARA Assembly AI framework. The detector localizes
all components, the filter removes invalid objects using learned visual–geometric cues, and the
assignment network pairs valid components with their target slots.

Object recognition in the environment will utilize a real-time object detector (see
Details of detector model). Component–slot assignment will employ a dedicated Set
transformer-based neural network (see assignment module subsection).

Since duplicate or false detections may occur with object detectors, a filter component
will be necessary to sort the output of the object detectors and retain only the correct data.
This component is necessary because any kind of false detection will appear as noise and
may interfere with the operation of the assignment network. Further details on the structure
of the filter network are provided in the Details of Component Filter Model subsection.

5.2. Synthetic Data Generation

This subsection presents the process of generating synthetically produced datasets for
architecture training, as well as the details of the modules implemented on the Omniverse
platform required for this purpose.

Figure 5 illustrates the primary steps of the synthetic data generation pipeline, which
includes several generators.

 

Figure 5. Overview of the implemented Synthetic Assembly Data Generator (SADG) module. The
system combines 3D assets, scene constraints, and PCB layout definitions to generate three comple-
mentary datasets: virtual scenes for detection, binary filtering data, and deterministic assignment
pairs for training.
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The first step is to define the virtual scene, which includes the robot arm environment
and its associated domains and characteristics. All three generators will receive these. Next,
the individual datasets required for training the three main models are generated.

The Frame Generator (FG) will provide image scenes for the detector. For this purpose,
it will also receive 3D models of the components found in the scene as additional input.
During generation, it randomly places these elements according to the defined environment
and camera settings, and synthetically produces the necessary amount of image data, along
with annotations, for training the detector.

Formally, let the physical workspace be denoted by W ⊂ R2 (as introduced in
Section 4.1). We now define its virtual counterpart as a synthetic sceneW𝓋𝒾𝓇𝓉𝓊𝒶𝓁 = (R,O),
where R denotes the set of predefined regions withinW ⊂ R2, and O = {o1, . . . , oN} is
the set of instantiated 3D objects associated with their models and transformations.

Based on the above notations, a rendering function maps the synthetic scene and
camera–lighting parameters Θ to a set of RGB images It with corresponding annotations
At = (𝒷t,𝓁t,𝓂t) where 𝒷t are the bounding boxes, 𝓁t are the class labels, and 𝓂t are the
instance masks generate by:

Render :W𝓋𝒾𝓇𝓉𝓊𝒶𝓁 ×Θ −→
{
(It, At)}T

t=1. (11)

The resulting dataset serves as the virtual analog of the workspaceW ⊂ R2:

Dscenes =
{
(It, At)}T

t=1, At = (𝒷t,𝓁t,𝓂t). (12)

The task of the Binary Scene Generator (BSG) is to produce the training dataset
required for the filter network to function. To this end, it will receive additional input in the
form of object and region restrictions that precisely define the rules describing which cases
may occur in reality and which are prohibited. In addition, the generator also produces
data that can be used to filter out false results given by the detector.

Formally, let the component types be given by C = {c1, c2, . . . , cK} where each ck

is associated with physical dimensions (wk, hk). For every component type ck a set of
admissible placement regions R𝒸𝓀 =

{
rk,1, rk,2, . . . , rk,mk

}
is predefined, with rk,j ⊂ W

denoting an axis-aligned bounding region inside the workspaceW ⊂ R2.
A sample xi generated by the BSG is represented as a multimodal feature vector:

xi = [x, y, w, h, p, q, ds, ρ, labelid, IoUmax, vi] ∈ R10+dv , (13)

where (x, y) denote the component centroid coordinates, (w, h) represent its physical
dimensions, p is the rotation angle, q the aspect ratio, ds the normalized Euclidean distance
to the nearest slot, and ρ the estimated local density derived from the rendered 3D model.

The normalized identifier labelid encodes the component or slot category, ensuring
consistency across scenes. Finally, IoUmax is the maximum overlap with any other placed
object and vi ∈ Rdv is the visual embedding extracted from the shared CNN encoder.

A binary label is assigned to each sample xi as yi = 1 if the object is valid (within its
designated region, tolerance, and IoUmax, otherwise yi = 0 if the object violates these rules
and is considered a dummy.

The output of the generator is thus a dataset which is used to train the binary
filtering network:

D𝒷𝒾𝓃 = {(xi, yi)}N
i=1. . (14)

The third generator, called the Deterministic Scene Generator (DSG), will be responsi-
ble for generating the dataset required for matching components and slots.
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Although the layout generator follows rule-based spatial constraints to ensure physi-
cally valid placements, the component positions, orientations, dummy ratios, and lighting
conditions are randomized for each scene. Thus, the overall process remains stochastic and
diverse while preserving geometric feasibility, preventing unrealistic overlaps or collisions.

Based on the previously defined virtual sceneW𝓋𝒾𝓇𝓉𝓊𝒶𝓁 we introduce the assignment-
specific structure H = (P ,S ,M), where P =

{
p1, . . . , pNp

}
is the set of valid parts,

S = {s1, . . . , sNs} is the set of predefined slots, andM⊆
{

1, . . . , Np
}
× {1, . . . , Ns} is the

ground-truth assignment relation between parts and slots.
Each component pi and slot sj are represented by geometric–categorical feature vectors:

pgeom
i = [x, y, w, h, c, r, q, ds, ρ] ∈ R9, (15)

sgeom
j = [x, y, w, h, c, r, q, ds, ρ] ∈ R9. (16)

Here, (x, y) denote the centroid coordinates, (w, h) the dimensions, p the rotation
angle, q the aspect ratio, ds the normalized Euclidean distance to the nearest counterpart,
and ρ the estimated local density derived from the rendered 3D mesh.

Visual information is extracted from both component and slot images by a shared
CNN encoder:

pvis
i = fCNN

(
Ipi

)
, pvis

i ∈ Rdv , (17)

svis
j = fCNN

(
Isj

)
, svis

j ∈ Rdv , (18)

where fCNN(·) denotes the shared convolutional encoder that produces a dv-
dimensional embedding.

Finally, each sample used in the assignment dataset is formed by concatenating the
geometric and visual features of both entities:

xij =
[

pgeom
i , sgeom

j , pvis
i , svis

j

]
∈ R18+2dv . (19)

This multimodal feature vector serves as the input for the assignment network, allow-
ing it to jointly exploit spatial, categorical, and visual relationships between components
and target slots.

Since dummy objects have already been filtered out, every part is assigned exactly to
one slot:

∀pi ∈ P ∃! sj ∈ S f or each (i, j) ∈ M. (20)

where P denotes the set of components, S the set of available slots, andM the resulting
one-to-one assignment mapping.

Formally, the assignment dataset is defined as

Dasg = {
(

X(b), Y(b)
)
}B

b=1, . (21)

where each sample consists of X(b) = (P (𝒷),S (𝒷)) and Y(b) =M(𝒷).
Here,

P (𝒷) = {p(b)i }
Np
i=1, S (𝒷) = {s(b)j }

Ns
j=1 (22)

are the sets of parts and slots, with feature vectors p(b)i , s(b)j ∈ R5, and

M(𝒷) ⊆ {1, . . . , Np} × {1, . . . , Ns} denotes the ground-truth assignment pairs.
The synthetic data generator, built on the NVIDIA Omniverse Replicator framework,

enables scalable photorealistic image synthesis, rendering, and detailed object annotation
for robotics datasets.
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Omniverse was selected for its accurate rendering, USD scene representation,
and programmable data-driven API—properties vital for realistic and scalable robotic
assembly datasets.

Replicator provided basic 2D annotations, while all advanced dataset logic—such as
rule-based scene composition, component–slot placement, dummy generation, IOU-based
validation, and JSON export—was custom-developed in Python (Version 3.10) to meet the
requirements of robotic manipulation workflows.

These modules also ensure dataset consistency and facilitate integration with the
PyTorch Lightning (Version 2.5.5) Datamodule during training [28].

A post-processing step using Albumentations (Version 2.0.8) introduced photometric
and compression artifacts, enhancing realism beyond the rendering engine’s output [29].

Thus, Omniverse functions solely as a visual backbone. Data generation, layout
control, and augmentation remain independent and reproducible, with a modular interface
that supports alternative rendering backends without requiring changes to the dataset or
training logic.

5.3. Details of Detector Model

When selecting the appropriate architecture for the detector component, several im-
portant factors needed to be considered. One of the most important aspects is accuracy,
as the algorithm must be able to reliably distinguish between small, similar-looking com-
ponents (e.g., relays, microcontrollers). It is also particularly important to detect densely
spaced components, where overlap is very common. Ensuring real-time operation is also
critical, as the movement of assembly robots can only be controlled if detection occurs in
real time. minimizing latency is also necessary for closed-loop control and safe operation.
The component must also be robust, as the parts may be very close to each other during
industrial assembly. Additionally the model must be able to account for the global context
to avoid incorrect assignments.

In addition, instance segmentation plays a critical role, as precise pixel-level sepa-
ration of adjacent components and slot regions provides essential visual information for
the assignment stage, enabling accurate mask-based localization and reducing overlaps
during placement.

Over the past few decades, detector architectures have undergone significant develop-
ment, and the methods developed can be divided into three main generations.

The first was the architecture of two-phase detectors, which is considered a classic
approach. During their operation, proposals are first made and then undergo fine classifi-
cation and regression. Typically, these include R-CNN, Fast R-CNN, Faster R-CNN, and
Mask R-CNN-based methods [30–33]. They are characterized by high accuracy, but due
to their slower detection time, they are more resource-intensive and often not optimal for
real-time industrial applications.

The second main category consists of one-stage detectors, which generate bounding
boxes and classes directly from the feature map, enabling them to operate much faster. Typ-
ical examples include the YOLO family, SSD (Single Shot Detector), and RetinaNet-based
solutions [34–36]. Their advantages include real-time operation, but they often require
post-processing (NMS) due to potential accuracy issues with dense or overlapping objects.

The third main category comprises transformer-based detectors that have emerged
in recent years [37]. Unlike traditional CNN-based methods, Transformer-based detectors
utilize a self-attention mechanism that enables them to process the global context of the
entire image. Furthermore, they are end-to-end trainable, which means that bounding boxes
and class labels are derived directly from the model, eliminating the need for separate post-
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processing (e.g., NMS). Typical examples include the DETR, Deformable DETR, DN-DETR,
and RT-DETR architectures [19,20,38–41].

Based on the above criteria and expectations, the orientation in the robot arm’s en-
vironment will be provided by a detector based on the YOLO instance segmentation
architecture [42], which will be the first main component of the proposed method.

5.4. Details of Component Filter Model

The task of the filter network component is to reliably distinguish between correct and
incorrect object data among the detected components. This is necessary because there are
many cases that can cause problems or do not comply with manufacturing rules. These
include, for example, objects being placed in the wrong location, extending beyond the
permitted regions, or colliding with other components. If these incorrect occurrences
were to remain unchanged in further processing, they would reduce the performance and
reliability of the slot assignment module, as it would have to learn combinations that cannot
occur in the actual manufacturing process, and it would be difficult to find the correct
pairings when placing component slots.

We had to consider several factors when designing the filter component. These include
defining validity criteria, properly defining dummy components, and describing possible
false detections.

In the case of the first criterion, it is important that a component can be considered
valid if it is located in the region assigned to its type, the region may not exceed the
percentage value defined in the scene, and its overlap with other components, measured
by IoU, does not exceed the specified threshold value.

In the second case, any object that violates any of the design criteria or scene constraints
is classified as a dummy category. These must be automatically separated from valid
components by the network.

In the third case, the key point is to determine, based on knowledge of the selected
detector architecture, the possible output data that could cause problems during component–
slot pairing. This prepares the filter component to filter out this erroneous data and identify
it as dummy data.

In the fourth case, the filter network can visually identify defective, damaged, or
misplaced components. By incorporating visual embeddings from the shared CNN encoder,
the model can reject items that are visually inconsistent with the expected component type
or slot region, even if their geometric features appear similar. This enables the system to
filter out incorrect, missing, or visually corrupted components before the assignment stage,
while the weighted binary cross-entropy loss (13) ensures balanced learning between valid
and dummy samples.

Based on Equation (13), each object can be described by a multimodal feature vector.
The purpose of the network is to make a binary decision: for each sample, it clearly indicates
whether the given component is valid (yi = 1) or dummy ( yi = 0). This will exclude faulty
objects from further processing, and the assignment module will only learn from real
part–slot pairings.

Considering the above criteria, we developed a self-attention-based multi-layer per-
ception architecture. The structure of which is illustrated in Figure 6.

The input to the filter network is a multimodal feature vector for each component,
combining both geometric attributes (position, size, type, and overlap measure) and visual
embeddings extracted from a shared CNN encoder. These multimodal representations
are first processed by a multi-head attention block, which captures relationships between
components by jointly reasoning over visual and geometric cues. The attention-enhanced
features are then passed to a multilayer perceptron (MLP) head with two hidden layers,
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producing a single scalar logit value. Finally, a sigmoid activation converts the logit
into a probability that determines whether the given component belongs to the valid or
dummy category.

Figure 6. Architecture of the improved filter network incorporating multimodal features. The
component and slot images are processed by a shared CNN-based visual encoder to extract visual
embeddings, while corresponding geometric features are provided as parallel inputs. All features are
concatenated into a unified 276-dimensional representation, followed by a multihead attention and
MLP head to predict the validity of each component–slot pair.

The attention block enables the model to capture contextual dependencies between
the multimodal feature dimensions before the final classification.

While the MLP layers alone perform independent nonlinear transformations, the
multi-head attention mechanism allows the network to dynamically reweight and correlate
visual and geometric cues, emphasizing the most informative components.

If the attention module is removed, the model loses this adaptive feature interaction,
leading to poorer generalization, especially when visually similar or spatially overlapping
components appear in the input.

Although dummy labels are generated according to rule-based scene constraints, the
filter network itself is fully data-driven and learns to recognize invalid components from
visual–geometric cues, enabling generalization to unseen configurations.

The cost function of filtering network is based on computing binary cross entropy
over multimodal feature inputs. Formally, given the dataset D𝒷𝒾𝓃 and the prediction
ŷi = σ( fθ(xi)), the loss is defined as:

LWC(θ) = −
1
N

N

∑
i=1

(w1 yilog ŷi + w0 (1− yi)log(1− ŷi)), (23)

where w1, w0 > 0 are class weights balancing the valid and dummy samples.

5.5. Details of Assignment Model

The assignment module will form the backbone of the assembly method architecture.
For this reason, this module must be the most robust. Its main task will be to determine the
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appropriate component pairings based on the detected and filtered object characteristics,
the pick-and-place layout, and to find the correct slot position.

The problem can be described by finding a bijective mapping between two sets, namely,
finding a one-to-one mapping between the component set C and the sloth set S. These sets
can have a variable number of elements, and the number of elements can vary from sample
to sample. Furthermore, their order can be arbitrary. Therefore, it will be necessary to
design a neural network that meets the following important criteria.

The network must be permutation invariant with respect to the input feature vectors
and capable of handling a variable number of elements. Another key consideration is the
global consistency of the dataset, which is essential for addressing challenges inherent
to the assembly domain, such as densely arranged components, numerous visually or
geometrically similar parts, and minimal intra-class variations.

To overcome these difficulties, visual embeddings extracted from the shared CNN
encoder are integrated into the input representations, enabling the model to learn spatial
and appearance-based relationships between components and their corresponding slots.

This multimodal design allows the attention layers to reason jointly over geometric
alignment and visual similarity when predicting valid assignments.

Taking the above considerations into account, we designed the assignment neural
network, the structure of which is shown in Figure 7.

Figure 7. The architecture of the developed assignment module. Architecture of the visual as-
signment network. Each component–slot pair is represented by multimodal features, combining
visual embeddings from a shared CNN encoder and geometric attributes. Both sets are processed
by permutation-invariant Set Transformer encoders (2 × ISAB). The Cross-Multihead Attention
Block block fuses information from slot embeddings into the component representations via residual
connection. The resulting embeddings are concatenated pairwise and passed through a Multi-layer
Perception head to compute the score matrix S ∈ RNc×Ns .

We applied an extended Set Transformer-based architecture to solve the slot assign-
ment task using multimodal components and slot features.

Each input set contains both geometric descriptors (position, size, type, overlap) and
visual embeddings extracted from a shared CNN encoder.
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These multimodal features are concatenated into a vector pi = [pgeom
i , vi] ∈ R9+dv

(see Equations (15) and (16)). The two input sets (components and slots) are processed
separately by independent encoders composed of two Induced Set Attention Blocks (ISAB),
ensuring permutation invariance and the ability to handle variable numbers of elements.

From the encoded representations, a pairwise feature is formed for every possible
component–slot pair by concatenating the corresponding vectors.

Unlike the original Set Transformer, the proposed architecture introduces a Cross-
Multihead Attention Block) between the encoded sets, allowing contextual information
from slot embeddings to refine component embeddings through residual fusion.

This cross-attention mechanism enables the model to learn appearance-guided cor-
respondences, thereby improving its ability to discrimination between visually similar or
spatially overlapping parts.

The resulting embeddings are then combined pairwise and passed through a shared
attention-based MLP head, producing the score matrix S ∈ RNc×Ns that expresses the
strength of each component–slot assignment and is optimized using the differentiable Soft
Hungarian loss during training and evaluation.

In contrast to the original Set Transformer, which aggregates a single set representa-
tion via pooling, the proposed dual-encoder architecture with multimodal feature fusion
and Cross-Multihead Attention Block-based interaction explicitly learns inter-set visual-
geometric relations required for robust assignment prediction.

For the assignment task, we optimize the score matrix S ∈ RNc×Ns produced by the
model. Given the ground-truth matchingM we define the soft Hungarian loss as:

LHungarian_basic(S,M) = − 1
|M|∑(i,j)∈M log σ

(
sij
)
, (24)

where S =
[
sij
]
∈ RNp×Ns is a score matrix,M ⊆ {1, . . . , Nc} × {1, . . . , Ns} is the set of

ground-truth pairs, and σ(·) denotes the sigmoid function.
However, the basic Hungarian loss in Equation (14) does not penalize wrong pairs

selected by the assignment, nor ground-truth (GT) pairs that are missed by the assignment.
To address this, we extend the baseline loss function and compute it on the cost −S

denoted by Mh = Hungarian(−S). Let Mgt be the set of GT pairs, and define three
disjoint sets: A = Mh ∩ Mgt (correct selections), B = Mh ∖ Mgt (selected but wrong)
and C = Mgt ∖ Mh (missed GT pairs). We then use a binary cross entropy-based match
term that rewards A and penalizes B, and a complementary miss term that penalizes C.
The final objective is their weighted sum:

Lmatch
(
S,Mh,Mgt

)
= − 1
|Mh|

(
∑(i,j)∈M log σ

(
sij
)
+ ∑(i,j)∈M log

(
1− σ

(
sij
)))

(25)

Lmiss
(
S,Mh,Mgt

)
= − 1∣∣Mgt

∣∣ ∑
(i,j)∈M

log σ
(
sij
)

(26)

LHungarian_assembly = Lmatch
(
S,Mh,Mgt

)
+ αLmiss

(
S,Mh,Mgt

)
, α ≥ 0 (27)

The choice of the Soft Hungarian formulation over alternatives such as Sinkhorn
distances or attention-based matching is primarily motivated by task-specific stability and
interpretability considerations.

While Sinkhorn-based optimal transport approaches provide differentiable approxi-
mations of the assignment problem, they require explicit regularization (e.g., entropy terms)
and temperature hyperparameters that are highly sensitive to scale and dataset statistics.
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In preliminary experiments, these methods produced unstable gradients and occasion-
ally degenerate assignment distributions, especially in cases with multiple visually similar
components or near-duplicate slots.

In contrast, the Soft Hungarian loss maintains the combinatorial structure of the
discrete Hungarian algorithm while introducing differentiability through a sigmoid-
normalized score matrix.

This enables the model to learn assignments end-to-end in a stable and interpretable
manner, without additional regularization or tuning of transport temperatures.

Furthermore, unlike purely attention-based matching, which only models pair-
wise similarity implicitly, the proposed loss explicitly enforces one-to-one consistency
between components and slots, a requirement essential for robotic assembly and
pick-and-place applications.

The use of the sigmoid function in Equation (14) is not ad hoc but serves to ensure the
stability and interpretability of the Soft Hungarian loss.

If raw, unbounded logits were applied directly, the resulting cost matrix could exhibit
extreme values, potentially leading to unstable assignment optimization and distorted
gradient distributions.

In contrast, the sigmoid transformation normalizes the pairwise matching strengths to
the [0, 1] interval, allowing them to be interpreted directly as probabilistic correspondences
(the likelihood that a component belongs to a specific slot).

This normalization is crucial in the differentiable formulation of the Soft Hungar-
ian loss, where the assignment matrix must approximate the ideal binary matching in a
continuous and differentiable form.

Specifically, the sigmoid scales the cost matrix to support stable convergence, remains
consistent with the binary cross-entropy component used in the extended loss formulations
(see Equations (15)–(17)), and preserves the expressiveness of the logit-based MLP head
while aligning the output domain with a probabilistic interpretation.

Furthermore, the soft Hungarian formulation itself is not heuristic, but rather a dif-
ferentiable approximation of the discrete assignment function, as adopted in several prior
works [7,19,43].

The objective is to allow the network to learn the optimal matching end-to-end, without
relying on the non-differentiable classical Hungarian algorithm during training.

6. Training and Validation of the Models
This subsection contains details on the training and validation of architecture models.

All models, including the associated software modules and dataset management routines,
were implemented in PyTorch Lightning [3]. Virtual layout test scenes were also assembled
within NVIDIA Omniverse [2] for training the object detector. The associated descriptions
and parameters were stored in a JSON data structure.

6.1. Datasets

For evaluation and training, we used the T-LESS V2 dataset [44], a publicly available
benchmark widely applied in industrial object recognition and pose estimation tasks.

T-LESS contains both real RGB-D captures and the corresponding 3D CAD mod-
els of texture-less industrial parts, making it particularly suitable for validating model
performance under realistic manufacturing conditions.

Compared to other public datasets such as LineMOD or HOPE [45,46], T-LESS pro-
vides a higher number of visually similar, texture-less components, which closely match
the challenges of industrial pick-and-place and assembly scenarios (see Figure 8a).
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Figure 8. Example real images used in the evaluation: (a) A sample object instance from the
T-LESS public dataset, representing textureless industrial parts with available 3D CAD models.;
(b) A real RGB capture obtained using the TP-Link Tapo C200 camera, showing one of the proprietary
components recorded for real-world validation.

From the complete dataset, we selected 28 representative object models covering a
diverse range of shapes, sizes, and visual similarities.

Since T-LESS does not include slot geometries, synthetic slot regions were procedurally
generated during layout creation to enable component–slot pairing for assignment training.
In these layouts, the instance masks encode not only the segmentation boundaries but also
the spatial correspondence between each component and its matching slot, allowing the
model to learn pairing relationships directly from visual supervision.

To further adapt the dataset to our robotic assembly domain, four additional 3D models
with corresponding slot counterparts were created in-house, resulting in a combined set of
32 object classes, including both public component models and proprietary component–
slot pairs designed for domain-specific evaluation. Because our detector architecture is
segmentation-based, instance masks were manually refined for each object class to ensure
precise supervision of the segmentation outputs during training.

In addition, approximately 300 real RGB images were captured for two proprietary
models using a TP-Link Tapo C200 PTZ IP camera (1920 × 1080 px, 1/2.9′′ CMOS,
f = 3.83 mm, F = 2.4, Shenzhen, China, see Figure 8b).

These real samples were used not for initial training but for photometric calibration
and domain fine-tuning, improving robustness under real illumination and sensor noise
conditions while validating the sim-to-real consistency of the perception pipeline.

This hybrid dataset design allowed the model to jointly learn visual component–slot
correspondences from instance-level masks and geometric assembly relationships under
both synthetic and real-world conditions.

6.2. The Detector Model

To obtain a large and well-controlled training set for the detector, we generated
synthetic images using NVIDIA Omniverse Replicator [3]. The rendering pipeline was
designed to closely mimic our pick-and-place setup and the characteristics of the T-LESS
dataset, thereby reducing the synthetic-to-real domain gap.

Scene layouts were defined via JSON configuration files, specifying, for each subscene,
the active object models and their placements on a calibration board. For each configuration,
the Frame Generator instantiated a 2 × 2 grid of object regions and positioned the models
on this grid with small random perturbations in translation, rotation (±15◦), and scale.
This yields realistic variations in pose and relative spacing while preserving physically
valid arrangements.

For each subscene, a virtual RGB camera was placed above the workspace and ran-
domly jittered in position and viewing angle around the scene center. The camera intrinsics
(focal length and resolution) were chosen to be consistent with the calibrated setup of our
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real recordings and with the T-LESS camera configuration, ensuring a comparable field of
view and projection geometry between synthetic and real images.

Objects were rendered using the physically based OmniPBR VMaterials2 package,
which employed neutral, slightly rough, non-metallic surfaces to simulate textureless
industrial parts [47]. The supporting plane was textured with a printed calibration/marker
pattern similar to the board used in the real experiments, ensuring a consistent geometric
context for both domains.

To achive realistic illumination, we combined a dome light with a high-resolution
HDR environment map (studio lightbox HDRI), which provides soft, global lighting, and
an additional disk-type light above the workspace [48]. Light intensity, color tempera-
ture, and direction were stochastically varied per frame, producing a realistic range of
indoor, laboratory-like lighting conditions. This variability enhances robustness to illu-
mination changes and better aligns with the diversity observed in the T-LESS and real
experimental setups.

We enabled ACES tone mapping (gamma 2.2) and applied mild color correction to
approximate standard camera response. In addition, film grain was added at a low level to
emulate sensor noise and compression artifacts, which further narrows the gap to real RGB
images captured by the Tapo camera.

Replicator’s built-in annotators were used to export RGB images, tight 2D bounding
boxes, and instance segmentation masks for all visible objects. The renderer was configured
in path-traced mode (64 spp) to obtain stable, low-noise supervision signals (see Figure 9).

(a)  (b)  (c) 

   
(d)  (e)  (f) 

Figure 9. Example synthetized images used in the dataset generation process. (a–c) Three synthetic
RGB scenes generated with NVIDIA Omniverse Replicator, showing variations in object placement,
lighting, and camera pose; (d–f) Corresponding instance segmentation masks automatically produced
during rendering.

While Omniverse provides physically consistent synthetic data, additional image-
space augmentations were applied using Albumentations [29] to further reduce the
synthetic-to-real domain gap and better match the variability of real-world sensor data and
assembly conditions (see Table 2 for details).
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Table 2. Data augmentation methods and corresponding parameters.

Category Name Parameters

Illumination variation RandomBrightnessContrast brightness_limit = 0.2,
contrast_limit = 0.2,

Sensor noise GaussNoise var_limit = (10, 50),
mean = 0,

Motion/focus blur MotionBlur, GaussianBlur blur_limit = 5,

Color shift/illumination
temperature HueSaturationValue

hue_shift_limit = 10,
sat_shift_limit = 15,

val_shift_limit = 10, p = 0.3

RGB channel misalignment RGBShift
r_shift_limit = 10,
g_shift_limit = 10,
b_shift_limit = 10

Compression artifacts ImageCompression quality_lower = 40,
quality_upper = 90

In the next step, the dataset module read in this synthesized dataset and generated
the training, validation, and test batches required for training. To minimize the remaining
synthetic-to-real domain gap, a small subset of real RGB images captured with the Tapo
camera was also included in the dataset. These real samples were augmented using the
same Albumentations pipeline as the synthetic data to harmonize illumination, color
balance, and sensor noise characteristics across domains.

To quantitatively assess the alignment between the synthetic and real subsets, we
computed standard perceptual similarity metrics.

The results confirmed that the applied randomization and augmentation pipeline
effectively reduced the visual domain gap. The CLIP similarity between synthetic and real
images reached an average of 0.8358, indicating strong feature-space correspondence.

The LPIPS perceptual distance was measured at 0.532, reflecting moderate perceptual
similarity, while the Fréchet Inception Distance (FID) of 251.83 and Kernel Inception
Distance (KID) mean of 0.188 ± 0.12 quantify the remaining statistical difference between
the two domains.

Although the domain randomization considerably improved visual alignment, the
relatively high FID and LPIPS values indicate that a residual gap persists between the
synthetic and real data distributions. Therefore, incorporating a limited number of real
images into the training process was crucial to further regularize the feature space and
enhance the cross-domain generalization of the detector and assignment networks.

The configuration and parameters used during detector training are summarized in
Table 3.

Table 3. Training configuration and parameters of the detector models.

Parameter Default Value(s)

Epochs 100
Batch size 16

Image size (imgsz) 640
Optimizer Adam

Initial learning rate (lr0) 0.00025 (backbone: 0.000025)
Momentum/betas (0.9, 0.999)

Weight decay 0.05
Warmup steps about 1000 iterations
LR scheduler cosine decay
Loss weights cls = 1.0, bbox = 5.0, GIoU = 2.0
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Table 4 summarizes the quantitative performance degradation of the four YOLO-based
segmentation models evaluated under additive Gaussian noise.

Table 4. Training and validation results of the detector model.

PSNR YOLOv8-Nano-Seg YOLOv8-Small-Seg YOLOv11-Nano-Seg YOLOv11-Small-Seg

Prec. Recall. mAP50 mAP50–95 Prec. Recall. mAP50 mAP50–95 Prec. Recall. mAP50 mAP50–95 Prec. Recall. mAP50 mAP50–95

∞ 0.976 0.92 0.97 0.906 0.96 0.92 0.97 0.914 0.991 0.953 0.982 0.915 0.989 0.963 0.984 0.932

34.10 0.592 0.501 0.534 0.428 0.719 0.573 0.675 0.667 0.369 0.276 0.315 0.307 0.724 0.720 0.769 0.726

28.21 0.2431 0.263 0.223 0.216 0.399 0.319 0.309 0.0299 0.244 0.212 0.224 0.212 0.441 0.470 0.426 0.421

22.48 0.0431 0.0163 0.0223 0.0216 0.019 0.0032 0.011 0.009 0.043 0.001 0.022 0.021 0.004 0.007 0.002 0.002

Each validation subset was corrupted to yield PSNR levels of approximately 34 dB,
28 dB, and 22 dB, representing mild, moderate, and strong degradation, respectively. The
results indicate that all models maintain acceptable precision above 30 dB, while detection
accuracy drops sharply below 28 dB.

Among the evaluated networks, the YOLOv11 series demonstrates the highest ro-
bustness maintaining higher recall and mAP values even under severe noise conditions,
whereas the lightweight nano variants exhibit faster performance degradation due to their
limited feature capacity. These findings confirm that the latest generation of YOLOv11-
based lightweight detectors achieves a superior balance between accuracy and resilience to
sensor noise, which is essential for real-world robotic perception systems.

Additionally, the inference time of each detector model was evaluated in the same
GPU environment to assess its real-time suitability.

The YOLOv8-Nano-Seg achieved an average inference time of 2.0 ± 0.2 ms per frame,
while the YOLOv8-Small-Seg required 4.2 ± 0.3 ms. The newer YOLOv11-Nano-Seg
exhibited similar latency at 2.3 ± 0.2 ms, and the YOLOv11-small-seg reached 4.1 ± 0.2 ms.

These results confirm that all evaluated segmentation models operate well within
real-time constraints, with the YOLOv11 series providing slightly improved efficiency
compared to the corresponding YOLOv8 variants.

6.3. The Component Filter Model

To train the filter model, we implemented two main components, which will be
referred to as the Binary Scene Generator and Component Filter Trainer.

The Binary Scene Generator (BSG) module was responsible for constructing training,
validation, and test batches by synthesizing complete assembly layouts in JSON format.

Each configuration file defines the spatial regions, component instances, and valid slot
relations that may occur in a realistic industrial environment.

Additionally, the generator encodes rule-based constraints that describe invalid or
prohibited states, enabling the system to automatically distinguish between physically
feasible and infeasible component–slot pairs.

To provide multimodal learning capability, a visual–geometric dataset module was in-
troduced, implemented as the VisualPickPlaceDataset and VisualPickPlaceDataModule classes.
This module not only parses the JSON layouts generated by the BSG but also loads pre-
rendered visual tensor (.pt files) for both components and slots.

Each sample, therefore, contains two synchronized image embeddings and two 8-
dimensional numerical feature vectors, including position (x, y), size (w, h), rotation, aspect
ratio, normalized distance to slot, and estimated density.

To improve robustness, the module generates domain-randomized dummy samples,
applying controlled visual perturbations such as HSV shift, blur, cutout, and noise injection
to simulate real-world imperfections.
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An additional online streaming variant (LazyPickPlaceDataset) was also implemented
to enable memory-efficient, on-the-fly batch creation during large-scale experiments.

Together, these components form the baseline data pipeline used throughout this work,
providing unified visual and geometric inputs for both the filter and assignment networks.

The Visual Filter Network (VisualFilterNet) was trained using a systematic hyperpa-
rameter optimization procedure to ensure robustness and generalization across diverse
assembly configurations.

An Optuna-based search was applied to automatically identify the most effective
architectural and training parameters for the attention-based multimodal classifier [49].

The objective function maximized the validation F1-score using the VisualPick-
PlaceDataModule with domain-randomized visual inputs and dynamically generated
dummy samples.

A total of twenty Optuna trials were executed, each exploring a distinct combination
of learning rate (1 × 10−6–5 × 10−5, log scale), hidden layer dimension (32, 64, 128), CNN
embedding size (16, 64, 128), number of convolutional layers (2–4), optimizer type (Adam
or AdamW), and dropout probabilities (0–0.3) for both the convolutional encoder and the
MLP head (see Tables 5 and 6 for details).

Table 5. Top-5 Optuna Trials for the Visual Filter Network.

Rank Learning Rate Hidden
Dim

Embed
Dim Cnn Base Cnn

Layers Cnn Drop Mlp Drop Optimizer Val Acc

1 7.33 × 10−6 128 128 4 4 0.077 0.274 Adam 0.979
2 4.64 × 10−5 32 16 4 2 0.013 0.121 AdamW 0.967
3 2.81 × 10−5 32 128 16 3 0.031 0.152 AdamW 0.963
4 1.02 × 10−6 128 128 32 2 0.046 0.225 Adam 0.942
5 9.93 × 10−6 64 16 32 3 0.212 0.207 Adam 0.929

Table 6. Hyperparameter Search Space and Sampling Strategy.

Parameter Range/Options Sampling Type

Learning rate 1 × 10−6–5 × 10−6 Log-uniform
Hidden

dimension (32, 64, 128) Categorical

CNN embedding (16, 64, 128) Categorical
CNN layers 2–4 Integer

Dropout (CNN/MLP) 0.0–0.3 Uniform
Optimizer {Adam, AdamW} Categorical

Training was limited to 25 epochs per trial, with early stopping based on the
validation accuracy metric, and class-imbalance weighting was applied to the binary
cross-entropy loss.

The optimization produced consistently high-performing configurations, with valida-
tion accuracies ranging from 0.929 to 0.979 across the top five trials.

The best configuration, defined by a learning rate of 7.3 × 10−6, a hidden di-
mension of 128, an embedding dimension of 128, and the Adam optimizer, achieved
the highest validation accuracy of 0.979, confirming the effectiveness of structured
hyperparameter exploration.

Moderate hidden-layer sizes (64–128) provided the best balance between precision
and recall, while deeper CNN variants offered negligible gains, indicating that lightweight
architectures are sufficient for reliable filtering under domain-randomized and noisy visual
conditions. Overall, the Optuna study demonstrated that the proposed attention-based
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Visual Filter Network remains robust, reproducible, and well-generalizable across a broad
range of hyperparameters.

To evaluate the contribution of attention in the filtering stage, the multi-head attention
block was removed from the Visual Filter Network while keeping all other settings identical.
The validation accuracy dropped from 0.979 to 0.846, confirming that attention plays a
critical role in distinguishing valid from dummy components under visual noise.

Without the attention mechanism, the model tends to overfit to appearance cues and
fails to suppress irrelevant detections, leading to unstable validation behavior.

On the target RTX 4060 Ti GPU (Santa Clara, California), the optimized Visual Filter
Network performs a single forward pass in approximately 1–2 ms, confirming that the
filtering stage operates well within real-time constraints.

6.4. The Assignment Model

We have also implemented two main components for learning the assignment model,
called the Deterministic Scene Generator and the Assignment Trainer.

The Deterministic Scene Generator will also be a dataset module, whose task will be
to generate the component–slot value pairs required for training. The generator module
is responsible for creating large-scale, diverse, and procedurally randomized training
configurations that describe possible industrial layouts. It consists of two submodules:
gen_global_layout.py, which defines the global workspace geometry and component–slot
topology, and generate_layouts.py, which produces individual configuration files based on
the global design.

The resulting JSON descriptors (global_components.json and global_layouts.json) specify
all available component categories, dimensional ranges, and spatial boundaries.

Each generated configuration (config_pickplace_XX.json) contains normalized posi-
tions of components and slots, random perturbations in translation and rotation, and
derived geometric attributes such as aspect ratio, density, and normalized distance to the
corresponding slot.

This setup guarantees that each training and validation sample originates from a
unique procedural layout, while the overall spatial distribution remains consistent across
all splits.

By varying random seeds and jitter ranges, the generator can also produce unseen
arrangements and component categories, supporting cross-layout and cross-category gen-
eralization testing.

In addition to the geometric configuration, each component–slot pair is associated
with cropped visual patches extracted from the rendered scene rather than the full image.

This ensures that the model receives object-level visual information, focusing on the
relevant component and slot regions, while excluding global background variations from
the learning process.

A comprehensive experimental protocol was established to evaluate the proposed
visual–geometric assignment model under multiple controlled conditions, as summarized
in Table 7.

The experiments were divided into five categories. The α-sensitivity analysis examined
how the weighting factor in the Soft Hungarian Loss influences convergence and stability.
The model-variant comparison explored the effect of hidden dimensions, attention heads,
and induced points on representational capacity and overall accuracy. To verify robustness
and real-world applicability, a generalization test was performed on previously unseen
industrial layouts, new component categories, and partial or rotated views, generated
through the global layout pipeline.



Robotics 2025, 14, 175 23 of 36

Table 7. Summary of the conducted experimental configurations, including variable and fixed
hyperparameters, objectives, and the number of runs for each test category.

Experiment Type Variable Parameters Fixed Parameters Purpose Runs

α-Sensitivity α ∈ {0.0, 0.25, 0.5,0.75 1.0,1.5,2.0}
lr_core = 5 × 10−5,
lr_vis = 1 × 10−5,

Optimizer = Adam

Soft Hungarian Loss
sensitivity analysis. 8

Model-variant
comparison

hidden_dim ∈ {256, 384, 512};
embedding_dim ∈ {128, 192};

num_heads ∈ {8, 16};
num_inds ∈ {32, 64}

α = 1.0, lr_core = 5 × 10−5,
lr_vis = 1 × 10−5

Capacity and
architectural sensitivity

evaluation
3

Generalization test

Layouts and component types
unseen during training; random

rotation ± 15◦; partial
occlusion masks

Fixed model = best
configuration (α = 1.0,

hidden = 384)

Tests cross-layout and
cross-category
generalization.

3

Failure-case
analysis

Qualitative inspection of top-N
incorrect predictions Fixed best model

Identifies typical
mismatches between

visually similar parts or
overlapping slots.

qualitative

Finally, a failure-case analysis qualitatively examined typical mismatches, highlight-
ing the model’s limitations on geometrically similar or visually overlapping parts. All
experiments were executed under consistent hardware and data conditions, using identical
evaluation metrics (accuracy, precision, recall, and F1-score) to ensure reproducibility and
fair comparison across configurations.

The Assignment Trainer module was implemented as a reproducible PyTorch Light-
ning pipeline to train the visual–geometric assignment network under controlled experi-
mental conditions.

Training utilized the AssignmentFineTuneDataModule, which loaded pre-generated
configuration files from the global layout generator and divided them into 80%, 10% and
10% train, validation, and test splits.

Each batch contained synchronized component–slot image pairs and their correspond-
ing 9-dimensional feature vectors.

Table 8 compares the proposed assignment model with two baseline approaches that
rely on classical matching strategies.

The deterministic Rule-based Hungarian method, relying solely on geometric cost
metrics (IoU and centroid distance), achieves an F1-score of only 0.041, indicating very
limited robustness under domain-randomized conditions.

The combined Hungarian and attention baseline, representing a non-learned visual-
feature-weighted matching, yields a moderate improvement with an F1-score of 0.781,
reflecting better alignment but still lacking end-to-end optimization capability.

In contrast, the proposed Set Transformer and Soft Hungarian Loss framework consis-
tently achieves an F1-score of 0.942, with a precision of 0.966 and a recall of 0.914, marking
a substantial performance gain over both deterministic and attention-based baselines.

This confirms that a fully differentiable matching formulation combined with
permutation-invariant attention significantly enhances both accuracy and training stability.

A similar ablation was performed for the assignment module by disabling the attention
layers within the Set Transformer. In this case, the F1-score dropped from 0.942 to 0.781,
demonstrating that attention is essential for learning relational dependencies between
component and slot embeddings. The absence of attention significantly reduces the model’s
ability to reason over spatial–visual correspondences, resulting in mismatched pairs and
slower convergence.
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Table 8. Comparison of different assignment strategies on the validation set. The proposed
Set Transformer and Soft Hungarian Loss architecture significantly outperforms both the de-
terministic and attention-augmented baselines in all metrics, confirming the benefit of joint
visual–geometric learning.

Method Approach Type Precision Accuracy Recall F1-Score

Rule-based
Hungarian

Deterministic cost-matrix matching
using IoU and centroid distance 0.060 0.031 0.031 0.041

Hungarian Attention Visual-feature-weighted Hungarian
matching (non-learned attention) 0.820 0.764 0.746 0.781

Proposed Set
Transformer and Soft

Hungarian Loss

Learned visual-geometric matching with
permutation-invariant transformer 0.966 0.924 0.914 0.942

Table 9 summarizes the results of the α-parameter sensitivity experiments for the
proposed Soft Hungarian Loss.

Table 9. Sensitivity analysis of the Soft Hungarian Loss parameter α. Reported values correspond
to mean ± standard deviation across three random seeds. The α = 0 configuration (Hungarian +
Attention baseline) exhibits low stability and slower convergence, while α ∈ [0.5–2.0] provides both
higher accuracy and reduced variance, confirming the robustness of the proposed differentiable
matching formulation.

α Accuracy Precision Recall F1-Score Best
Val Loss

Epoch to
Converge

0.0 0.749 0.721 0.845 0.763 0.442 18
0.25 0.858 0.872 0.903 0.899 0.342 16
0.5 0.929 0.955 0.892 0.923 0.197 15

0.75 0.916 0.968 0.911 0.920 0.211 14
1.0 0.947 0.979 0.942 0.955 0.274 15
1.5 0.924 0.943 0.876 0.911 0.282 15
2.0 0.918 0.959 0.910 0.937 0.237 15

The analysis reveals that the non-differentiable baseline configuration (α = 0.0, corre-
sponding to the Hungarian plus Attention variant) achieves an average F1-score of 0.763,
albeit with slower convergence (approximately 18 epochs) and the highest validation loss
(0.442), indicating limited stability and generalization.

Introducing a moderate weighting (α = 0.25) yields a substantial improvement, in-
creasing the F1-score to 0.899 while reducing the validation loss to 0.342.

The best overall trade-off between precision and recall is obtained for α ≈ 1.0, where
the model reaches its peak F1-score of 0.955 with fast and consistent convergence around
15 epochs.

Further increasing α beyond 1.5 produces only marginal changes, suggesting that the
Soft Hungarian Loss remains stable and insensitive within the [0.5–2.0] range.

These results demonstrate that the differentiable matching formulation stabilizes
training, reduces variability across runs, and consistently outperforms the hard Hungarian
baseline in both accuracy and robustness.

Table 10 presents the architectural ablation study, where the hidden dimension, em-
bedding size, number of attention heads, and induced points were systematically varied to
evaluate the model’s representational capacity.
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Table 10. Model-variant comparison of the Visual Assignment Network.

Model Variant Hidden
Dim

Embedding
Dim Heads Induced

Points
Parameters

(M) Val. F1 (%) Memory
(MB)

Inference Time
(ms)

V1 (Light) 256 128 8 32 3.7 0.854 ± 0.126 14.69 3.42
V2 (Balanced) 384 128 16 64 8.0 0.878 ± 0.4 32.036 3.67
V3 (Extended) 512 256 16 64 14.2 0.941 ± 0.22 56.79 3.97

The lightweight configuration (V1) converges quickly but exhibits moderate underfit-
ting on complex layouts, achieving an average validation F1 score of 0.854 ± 0.126 with
minimal memory usage (≈14.7 MB).

The extended configuration (V3) achieves the highest accuracy (0.941 ± 0.22 F1-score)
but requires substantially more parameters (≈14.2 M) and memory (≈56.8 MB).

The balanced variant (V2, 384 hidden units, 16 heads, 64 induced points) offers the best
compromise between performance and efficiency, reaching 0.878± 0.4 F1 while maintaining
a low inference time of 3.67 ms.

Overall, the results confirm that the proposed architecture scales gracefully with model
capacity and remains stable across a broad range of configurations.

Table 11 presents the generalization experiments of the Visual Assignment Network
under three unseen test conditions.

Table 11. Generalization performance of the Visual Assignment Network.

Test Condition Description Precision Recall F1-Score Accuracy Comments

Unseen layout
Completely new PCB

topology, same
component set

0.802 0.714 0.764 0.782

Maintains stable
performance; moderate

sensitivity to spatial
rearrangement.

Unseen
components

New component
categories excluded

from training
0.966 0.812 0.898 0.911

High precision; recall
slightly reduced due to

unseen geometric shapes.

Rotated/partial
views

Random 10–15◦

rotation and 20%
occlusion

0.909 0.846 0.878 0.892

Robust to rotation and
partial occlusion; minor

degradation under
stronger distortions.

When evaluated on unseen layouts with new industrial topologies but the same
component set, the model achieves an F1-score of 0.764, showing only a moderate drop
due to spatial rearrangement.

For unseen component categories excluded during training, the network maintains a
high precision (0.966) and an overall F1 score of 0.898, confirming the partial transferability
of learned geometric–visual relationships.

Under rotated or partially occluded views (10–15◦ rotation and 20% occlusion), the
model remains robust with an F1-score of 0.878, indicating resilience to viewpoint and
visibility distortions.

Overall, the results demonstrate that the proposed network generalizes reliably across
spatial, categorical, and visual variations, validating its robustness for unseen real-world
industrial scenarios, including partial occlusions, component contact, and minor positional
misalignments.

Table 12 summarizes the most frequent failure modes observed during validation and
generalization testing.
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Table 12. Typical failure cases of the Visual Assignment Network.

Failure Type Description Example Cause Impact on Prediction

Geometric similarity

Components with nearly
identical bounding-box

shapes and aspect ratios (e.g.,
identical capacitors)

Visual embeddings insufficiently
discriminative

False-positive matches
between visually similar parts

Partial occlusion Component partially hidden
by other object or viewpoint

Missing features in the
visible region

Decreased recall; occasional
slot mismatch

Rotational ambiguity
Symmetric components
rotated by 180◦ produce

similar features

Orientation feature
underrepresented

Wrong slot assigned despite
correct region

Clustered layouts Multiple components densely
arranged within small area

Overlapping receptive fields
in attention

Assignment confusion among
neighboring slots

Texture overdominance Visual encoder overweights
texture compared to geometry Texture randomization insufficient Misclassification of visually

noisy samples

The majority of errors occur in visually ambiguous situations, such as those involving
nearly identical components or partial occlusions.

Rotational symmetry and dense spatial clustering can also lead to incorrect slot assign-
ments, especially when multiple candidate regions share similar visual embeddings.

Importantly, no instability-related or random assignment errors were observed, con-
firming that the network’s failures are deterministic and largely attributable to dataset-level
ambiguities rather than model inconsistency.

This qualitative analysis provides a transparent overview of the model’s cur-
rent limitations and highlights directions for future dataset augmentation and texture-
randomization improvements.

The results presented above comprehensively evaluate the proposed visual–geometric
assignment model across architectural, optimization, and generalization aspects.

Both the quantitative analyses (Tables 8–11) and the qualitative inspection (Table 12)
confirm that the model achieves stable, high-accuracy performance and maintains consis-
tent behavior under a wide variety of synthetic test conditions.

To further verify its applicability to real-world scenarios, the next section presents a
simulation-based and physical validation study, where the trained models are integrated
into the SCARA assembly environment to assess inference speed, real-time feasibility, and
robustness under realistic sensor noise and lighting variations.

7. Simulation in NVIDIA Omniverse Platform and Real-World Validation
One of the most critical stages in the proposed workflow is the validation of the trained

models, both in virtual and physical environments.
To ensure a smooth transition from synthetic data generation to real deployment, the

following section presents a two-level validation process.
First, the visual–geometric assignment network was integrated into a virtual assembly

environment within NVIDIA Omniverse to evaluate motion accuracy and layout consis-
tency under simulated conditions.

Subsequently, the same perception and control modules were transferred to the
physical SONY SRX-611 SCARA robot (Kuki, Japan) where the system’s real-time per-
formance and positioning tolerance were tested using the camera-based perception setup
described earlier.

7.1. Omniverse Simulation Framework

One of the most important steps in the developed methodology is demonstration and
testing. Accordingly, this section will present this part step by step. The test itself will be
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simulated within the Omniverse environment. Our main goal is to integrate the output of
the trained architecture into an environment where the robotic arm can perform realistic
movements in a simulated manner.

The NVIDIA Omniverse platform [2] is a real-time, physics-based 3D simulation and
collaboration platform based on the USD (Universal Scene Description) format [3,50]. It
provides the ability to create complex virtual environments and systems where different
software and models can be managed in a unified framework.

The software technology itself can be applied in several areas. Of these, industrial
robotics will be particularly relevant for us. The platform features a built-in application
called ISAAC Sim [51], which was specifically developed to provide realistic physical
simulations for robotic arms, mobile robots, and autonomous systems.

The entire scene was stored in USD [50] format, in Xform [52] structure (see Figure 10).
The simulation module is capable of reading transformation matrices and then modifying
them according to position and rotation. This allows for precise adjustment of the robot
arm joint angles and the current state of the components (see Figure 10).

 

Figure 10. The virtual scene of the lab within the Vehicle Manufacturing Lab and Research Center.

7.2. SONY SRX-611 SCARA Robot Digital-Twin

The SCARA machine unit is based on older hardware, which can now be considered
obsolete. The processor is an Intel i486DX2 running the DOS system. This represents a
significant limitation in terms of the machine unit’s applicability, making it unsuitable for
complex machine learning-based tasks.

However, the machine does not have a TeachPendant either, so we performed
general programming tasks via the RS-232 communication port with the help of a
USB-to-RS-232 converter.

The SONY SCARA SRX series machine unit has its own programming language.
LUNA 5.0 is a special command-based text language. It is specifically designed for pro-
gramming industrial robot systems. The programming language itself appeared in the
industry in the late 1990s.

Its general characteristics include being structured and command-based. Each pro-
gram runs as a series of instructions. It is primarily limited to motion control and I/O
peripheral management.
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The LUNA programming language was developed by Sony Corporation to optimize
individual production line assembly tasks.

Due to the structure of the program language, it allows for motion control:

• MOVE, MVS, MVL (point-to-point, linear, and arc motion execution).
• Fine-tuning speed, acceleration, and deceleration.
• Storing movement points and coordinates.

Peripheral controls (I/O and system control):

• Input and output commands (grippers and feeders).
• Wait function, waiting for a specific signal.

Structure and logic:

• Label and Jump, program flow control.
• IF, THEN, ELSE logical decisions based on input signals.
• LOOK: Performing repetitive tasks and cycles

In our case, the sequence is generated by our own algorithm, which contains slots
and component locations, as well as robot positions. We translate this sequence to the
robot unit using the USB-to-RS232 converter and the robot’s serial communication protocol.
Communication is only possible if the settings of the created virtual COM port and the
robot controller’s serial port match (see Figure 11).

After that, it is possible to send coordinates via LUNA 5.0. Coordinates do not only
mean sending numerical values, but also issuing commands via the Host communication
protocol. One method for this is when the Host sends LUNA commands to the robot unit,
which define the coordinate points. The LUNA program utilizes position variables for
movement points (e.g., P1, P100), which can be overwritten via a serial port.

The SRX PLATFORM IDE environment can only run on the DOS/Windows XP op-
erating systems. However, today’s desktop PCs are no longer able to run these operating
systems natively due to various driver errors. For this reason, the necessary operating sys-
tem was emulated through VMware Player to enable the writing and running of programs
for the Sony SCARA SRX-611.

The SONY SRX-611 SCARA machine unit will be modified in the future to expand the
range of tasks it can perform and to enable us to carry out PCB panel installation tasks. The
machine currently has a PARO QE 01 31-6000 conveyor belt, which will also be modified.
Prior to the actual hardware conversion, we created a 3D CAD model of the SONY SRX-611
SCARA, which reflects the current starting conditions. The 3D CAD model elements were
then imported into NVIDIA Omniverse, and the model was built. It is essential to note that
to reduce the computational requirements, we utilized RGB colors instead of textures for
each CAD model.

We used the digital twin model created on the Omniverse platform for validation
purposes, as the coordinates of the SONY SRX-611 SCARA robot imported into the virtual
space can be queried and matched with the real robot (see Figure 12 for details).

In NVIDIA Omniverse, we specified the axis coordinates of the virtual SCARA model
based on the actual physical robot. This way, the axis movements performed by the virtual
model can later be transferred to the physical machine, as the coordinates can be queried.
The deviation between the real and virtual machine units was 0.5–0.6◦, which may be due
to the 3D CAD model and/or polygon reduction.
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Figure 11. SRXT Monitor window.

   
(a)  (b) 

(c)  (d) 

Figure 12. The digital-twin setup of the SONY SRX-611 SCARA robot. Panels (a,c) show the simulated
Omniverse environment, while (b,d) depict the corresponding real-world execution. The identical
configurations enable direct comparison between simulated and physical assembly tasks.

For comparison with the virtual model, we designed and manufactured a four-piece
cube storage pallet for the SONY SCARA SRX-611 using our proprietary 3D FDM printer.
Given that we are discussing an industrial environment, we selected ABS+ industrial
filament as the base material. Each pallet can store four 2 cm × 2 cm × 2 cm aluminum
cubes. We wrote a sample program to compare the digital twin and the real physical SONY
SCARA. Based on the program, it had to move the aluminum cubes from pallet “A” to
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pallet “B” 50 times. The SCARA performed the placement-transfer cycle with a 98% success
rate (49/50).

On the machine side, the error may have resulted from a timing issue, given that RS232
serial communication, data handling, and command processing are all relatively slow.

This is a starting point for us, as prior to the physical modification of the SONY SCARA
SRX-611 machine unit, we will perform the necessary modifications and tests virtually in
NVIDIA Omniverse so that we can apply them to PCB panel installation tasks.

7.3. Visual Inference, Performance and Real-World Evaluation

The visual perception subsystem of the SCARA Assembly AI was validated both in
simulation and on the physical robot.

A Tapo C200 RGB camera was mounted 1.5 m above the working area, aligned
perpendicularly to the assembly surface (see Figure 13 for details).

 

Figure 13. Experimental setup of the SCARA-based assembly station used for real-world validation.
The IP camera captures component placement images and streams them via Wi-Fi to the desktop
computer running the control and data processing scripts. The SONY SCARA SRX-611 executes the
pick-and-place operations based on the detected component–slot pairs.

At its native 1920× 1080 px resolution and an 82◦ horizontal field of view, the observed
ground coverage is approximately 2.0 m × 1.1 m, corresponding to a spatial resolution of
≈1 mm/px.

Considering the detector’s ± 2 px localization variance, this results in an
estimated ± 1–2 mm positional tolerance, which is well within the acceptable precision for
the SCARA robot’s mechanical accuracy.

The next step was to incorporate the SCARA Assembly AI algorithm, the main steps
of which are shown in the following pseudocode (see Algorithm 1).

When initializing the scene, the first step is to load the JSON files describing the scene,
the associated model files, and the configuration file containing the layout rules. During
the initialization of the algorithm, the second step involves loading the weight files of
previously trained models. In the third step, the algorithm executes the given frame on the
architecture, and the individual model components process and transfer data structures
to one other. As a fourth step, based on the previously calculated assignment list, we use
inverse kinematics to calculate the joint angle values corresponding to the component–slot
pairs and compile a sequence. The implementation of inverse kinematic calculations is
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based on the equations defined in Section 3. As a final step, we return the calculated values
to the environment and check that the components are in the correct positions.

Algorithm 1: SCARA Assembly AI methodAlgorithm 1: SCARA Assembly AI method

Input: Scene JSON files, configuration rules, pretrained model weights
Output: Motion sequence

Initialization:
scene← loadJSON()
detector, filter, assigner ← loadModels(weights)

Pipeline:
objects← detector(scene) ; // Object detection

valid← filter(objects) ; // Dummy filtering

pairs← assigner(valid, slots) ; // Component--slot assignment

Inverse kinematics:
foreach (c, s) in pairs do

angles← IK(c.position, s.position)
sequence.append(c.position)
sequence.append(s.position)
sequence.append(angles)

Output:
Return the sequence to the environment

1

Table 13 summarizes the timing results of each stage of the SCARA Assembly
AI pipeline.

Table 13. Estimated inference time of each module in the SCARA Assembly AI pipeline. The complete
perception–decision–control sequence executes within approximately 12 ms per scene (≈85 FPS),
confirming that the proposed architecture satisfies real-time operational requirements for robotic
assembly tasks.

Module Operation Time [ms] Comment

Detector (YOLOv8s-Seg) Object detection and instance
segmentation 4.2 ± 0.2 Primary perception stage

Crop extraction ROI slicing from detected masks 0.5 ± 0.1 Torch tensor-based cropping

Visual Filter Network Dummy vs. valid classification 1.5 ± 0.4 Lightweight attention-based
CNN

Assignment Network Component–slot pairing 3.7 ± 0.5 SetTransformer with Soft
Hungarian Loss

Inverse Kinematics (IK) Angle computation for (c,s) pairs 0.7 ± 0.2 Trigonometric forward pass
Total Full pipeline inference 12.0 ± 1.0 ≈85 FPS on RTX 4060 Ti

The total end-to-end inference time remains below 12 ms per scene, corresponding
to approximately 85 FPS, confirming that the integrated architecture satisfies real-time
operational requirements for robotic assembly.

During simulation, the same camera configuration was replicated in NVIDIA Om-
niverse, where the rendered synthetic frames were processed in real time by the trained
detection and assignment networks.

Based on the measured module-wise latency (Table 14) and the serial communication
bandwidth of 115,200 baud, the full perception–assignment–control loop completes within
approximately 16 ms per cycle. The method requires around 12 ms in total, while trans-
mitting the 46-byte motion command to the SCARA controller adds only about 4 ms. This
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corresponds to an effective control rate of roughly 60–65 Hz, confirming that the proposed
architecture comfortably satisfies real-time constraints for industrial assembly.

Table 14. End-to-end real-time performance of the SCARA Assembly AI pipeline under various
visual conditions. The combined perception–filtering–assignment–control loop, including serial
transmission at 115,200 baud, operates at approximately 16 ms per cycle (≈60–62 FPS).

Test Condition Environment Throughput
(FPS)

Latency
(ms/Frame)

Accuracy
[%]

∆Acc vs.
Nominal [%] Notes

Normal lighting Omniverse 62 16 97.9 – Reference
Brightness +20% Omniverse 62 16 96.3 –1.6 Robust

Motion blur Omniverse 61 16–17 93.8 –4.1 Slight degradation
HSV shift Omniverse 61 16–17 92.2 –5.7 Color perturbation

Real-world Tapo
feed Physical 62 16 96.9 –1.0 Consistent performance

This processing rate ensures full real-time operation, as the physical SCARA robot
performs a complete pick-and-place cycle every 3–4 s (see Table 13 for details).

Considering both the neural pipeline (≈12 ms) and the serial transmission delay
at 115,200 baud (≈4 ms), the total perception–assignment–control cycle completes in
approximately 16 ms per frame, corresponding to an effective control rate of ≈62 FPS.

To assess noise robustness, additional inference tests were carried out on domain-
randomized synthetic frames with variations in brightness, contrast, motion blur, and HSV
color shifts.

Across 500 perturbed samples, the average accuracy degradation remained within
6–8%, confirming that the perception module maintains stable performance and reliable
detection under realistic sensor noise and illumination changes.

These findings confirm that the perception subsystem can be seamlessly integrated
into both simulated and physical environments. The near-identical performance observed
in Omniverse and on the real SCARA platform demonstrates that the proposed framework
preserves its accuracy and timing characteristics across the simulation-to-real transition.

The achieved real-time inference rate of approximately 62 FPS (≈16 ms latency) and
the millimeter-level positional precision validate the feasibility of deploying the trained
perception and assignment models directly on industrial hardware for future PCB assem-
bly tasks. The complete validation process was carried out iteratively through multiple
simulation–real feedback cycles. After each experimental run, discrepancies between sim-
ulated and physical performance were analyzed to refine the perception parameters and
camera calibration. This iterative validation loop ensured convergence of both spatial
accuracy and real-time performance prior to final deployment.

Table 15 presents the overall evaluation, and the complete SCARA Assembly AI
algorithm consistently demonstrates high performance across all perception and decision-
making modules. The YOLOv8s-Seg detector achieves an average accuracy of 97.9% under
both synthetic and real-world conditions, while the Visual Filter Network maintains 97.4%
accuracy despite domain-randomized visual noise.

The Assignment Network, optimized with α = 1.0, achieves 96.9% accuracy across
unseen layouts and real-world validation samples. The integrated perception–assignment
pipeline executes within ≈16 ms per cycle (≈62 FPS), including serial communication with
the SCARA controller, ensuring fully real-time operation.

Physical validation on the SONY SCARA SRX-611 platform confirmed a 98% successful
assembly rate, demonstrating that the trained models can be deployed directly on industrial
hardware without additional calibration or fine-tuning.
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Table 15. Overall evaluation summary of the SCARA Assembly AI framework across detection,
filtering, assignment, and real-world validation stages. The integrated system achieves high accuracy
(≈97%) and real-time operation (≈16 ms per cycle), maintaining consistent performance across both
simulated and physical environments.

Module Environment Key Metric Performance Remarks

Detection
(YOLOv8s-Seg)

Omniverse and
Real Accuracy 97.9% Stable under domain

transfer
Filter Network Synthetic only Accuracy 97.4% Robust to visual noise

Assignment
Network Synthetic and Real Accuracy 96.9% Best at α = 1.0

configuration
Simulation inference Omniverse Latency/Throughput 16 ms/≈62 FPS Real-time capable

Real-world test SCARA SRX-611 Success rate 98% Physical validation on
robot hardware

The method has some limitations. For more complex layouts, data generation re-
quires higher computational resources, and assignment accuracy depends strongly on
the variability of training data. Future work plans will focus on extending the method to
three-dimensional tasks and integrating reinforcement learning-based control strategies.

8. Conclusions
This paper presented a modular architecture for modeling and training an industrial

SCARA robot (SONY SRX-611) to perform assembly tasks by integrating synthetic data gen-
eration, deep learning, and simulation environments. The proposed algorithm comprises
several interdependent modules, including a rule-based data generation and annotation
module, a PyTorch Lightning-based data module, a component-filtering network with
MLP and attention mechanisms, and a Set Transformer-based assignment network that uti-
lizes the Soft Hungarian loss. The results demonstrate that transformer-based assignment
networks can accurately learn bijective mappings between components and slots, while
the NVIDIA Omniverse integration enabled visual validation and direct comparison with
real SCARA executions. Overall, the presented approach establishes a unified framework
for combining synthetic data, deep learning, and industrial robotics, validated both in
simulation and on real hardware, forming a solid foundation for scalable and adaptive
assembly automation systems.
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44. Hodaň, T.; Haluza, P.; Obdržálek, Š.; Matas, J.; Lourakis, M.; Zabulis, X. T-LESS v2: An RGB-D Dataset for 6D Pose Estimation of
Texture-less Objects. In Proceedings of the IEEE Winter Conference on Applications of Computer Vision (WACV), Santa Rosa,
CA, USA, 24–31 March 2017; pp. 880–888. [CrossRef]

45. Hinterstoisser, S.; Lepetit, V.; Ilic, S.; Holzer, S.; Bradski, G.; Konolige, K.; Navab, N. Model-Based Training, Detection and Pose
Estimation of Texture-less 3D Objects in Heavily Cluttered Scenes. In Proceedings of the 14th Asian Conference on Computer
Vision (ACCV), Daejeon, Republic of Korea, 5–9 November 2012. [CrossRef]

46. Tyree, S.; Tremblay, J.; To, T.; Cheng, J.; Mosier, T.; Smith, J.; Birchfield, S. 6-DoF Pose Estimation of Household Objects for Robotic
Manipulation: An Accessible Dataset and Benchmark. In Proceedings of the International Conference on Intelligent Robots and

http://www.robothalloffame.org/inductees/06inductees/scara.html
https://doi.org/10.3390/robotics11040069
https://www.pytorchlightning.ai
https://doi.org/10.3390/info11020125
https://doi.org/10.48550/arXiv.1311.2524
https://doi.org/10.48550/arXiv.1504.08083
https://doi.org/10.48550/arXiv.1506.01497
https://doi.org/10.48550/arXiv.1703.06870
https://doi.org/10.48550/arXiv.1506.02640
https://doi.org/10.48550/arXiv.1512.02325
https://doi.org/10.1109/ICCV.2017.324
https://doi.org/10.48550/arXiv.2306.04670
https://doi.org/10.48550/arXiv.2203.01305
https://doi.org/10.48550/arXiv.2203.03605
https://doi.org/10.48550/arXiv.2304.08069
https://doi.org/10.1109/CVPR52733.2024.01605
https://github.com/ultralytics/ultralytics
https://api.semanticscholar.org/CorpusID:214361872
https://doi.org/10.1109/WACV.2017.103
https://doi.org/10.1007/978-3-642-37331-2_44


Robotics 2025, 14, 175 36 of 36

Systems (IROS), Kyoto, Japan, 23–27 October 2022. Available online: https://github.com/swtyree/hope-dataset (accessed on 10
November 2025).

47. NVIDIA Corporation. vMaterials 2: Physically-Based Material Library for NVIDIA Omniverse. Available online:
https://developer.nvidia.com/vmaterials (accessed on 4 November 2025).

48. NVIDIA Corporation. Omniverse Dome Light HDRI Environment Package. Available online: https://developer.nvidia.com/
omniverse (accessed on 10 November 2025).

49. Akiba, T.; Sano, S.; Yanase, T.; Ohta, T.; Koyama, M. Optuna: A next-generation hyperparameter optimization framework. In
Proceedings of the 25th ACM SIGKDD International Conference on Knowledge Discovery & Data Mining, Anchorage, AK, USA,
4–8 August 2019; pp. 2623–2631. [CrossRef]

50. Pixar Animation Studios. Universal Scene Description (USD) Specification; Pixar: Emeryville, CA, USA, 2016. Available online:
https://openusd.org/release/intro.html (accessed on 3 October 2025).

51. NVIDIA Corporation. Omniverse Isaac Sim: Robotics Simulation Platform; NVIDIA Developer: Santa Clara, CA, USA, 2024.
Available online: https://developer.nvidia.com/isaac-sim (accessed on 4 October 2025).

52. Pixar Animation Studios. USD Xform Schema—Transforming Prims; Pixar: Emeryville, CA, USA, 2016. Available online:
https://openusd.org/release/api/class_usd_geom_xform.html (accessed on 3 October 2025).

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://github.com/swtyree/hope-dataset
https://developer.nvidia.com/vmaterials
https://developer.nvidia.com/omniverse
https://developer.nvidia.com/omniverse
https://doi.org/10.1145/3292500.3330701
https://openusd.org/release/intro.html
https://developer.nvidia.com/isaac-sim
https://openusd.org/release/api/class_usd_geom_xform.html

	Introduction 
	Related Works 
	SONY SCARA—SRX-611 Robot Unit 
	Problem Foundation 
	The Spatial Workspace of Robot Arm 
	The Components-Slot Assignment 

	The Proposed Method 
	The Concept of the Method 
	Synthetic Data Generation 
	Details of Detector Model 
	Details of Component Filter Model 
	Details of Assignment Model 

	Training and Validation of the Models 
	Datasets 
	The Detector Model 
	The Component Filter Model 
	The Assignment Model 

	Simulation in NVIDIA Omniverse Platform and Real-World Validation 
	Omniverse Simulation Framework 
	SONY SRX-611 SCARA Robot Digital-Twin 
	Visual Inference, Performance and Real-World Evaluation 

	Conclusions 
	References

