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Abstract. This article reveals the creation and execution of a digital twin
(DT) for the robotic inspection system of mechanical parts, applying the
machine vision method. The examination is carried out on the KUKA iiwa
robot that has a camera for the purpose of identifying and sorting the parts
that are positioned on the work area. A vision system based on a YOLO
convolutional neural network (CNN) was utilized for the tasks of object
detection and classification. The dataset was automatically created via the
use of 3D CAD models along with domain randomization to mitigate the
risk of overfitting. The simulation environment was set up in IsaacSim, and
the vision system was interfaced through ROS Noetic with hand-eye
calibration also included. The performance of the YOLO network evidenced
an overall precision of 94.8% and recall of 87.7% in the test dataset
indicating the parts' effective detection and classification. The research
underlines the convergence of simulation, deep learning, robotics, and the
potential for automated inspections in manufacturing sectors.

1 Introduction

The rapid advancement of manufacturing technologies has increasingly demanded automated
solutions for quality control and inspection tasks. Machine vision systems, combined with
robotic manipulators, offer precise and efficient methods for detecting and classifying
components in industrial settings. However, developing and validating such systems in real
environments can be costly and time-consuming. Digital twins (DTs) provide a virtual
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representation of physical systems, enabling simulation, testing, and optimization before
deployment in real applications [1-6].

Digital twins can be defined as a virtual replica, whether at the asset, process, or system level,
which mirrors the real-life object, entity, or process in a dynamic and continuous
synchronistic manner. In addition, digital twins are different from simulations in the way they
utilize real-time or near real-time data, physics, and data-oriented approaches like machine
learning for monitoring, analysis, prediction, and optimization to study systems and entities
in varied conditions [3, 6-12].

For example, digital twins are utilized in the manufacturing and robotic fields as cyber-
physical systems, which aid in design validation, performance, and decision-making
processes that incorporate simulation, sensing, control, and vision feedback [4,5,8,9,13].
Furthermore, the potential and contributions of computer vision, which underpin digital
twins, were emphasized in the relevant literature, with respect to environment perception,
synchronization, and intelligent inspection in complex scenarios, such as industry [10-14].
This study focuses on creating a DT of a robotic inspection system, wherein a KUKA iiwa
robot with an attached camera performs part detection and classification. The vision system
relies on a YOLO-based convolutional neural network trained with synthetic images
generated from 3D CAD models, enhanced through domain randomization techniques to
improve generalization. The simulation environment was developed using IsaacSim,
providing realistic kinematics and visual representation of the workspace. Communication
and control integration between the robot and vision system were implemented using ROS
Noetic. This framework allows for testing inspection strategies, evaluating detection
performance, and exploring potential improvements in robotic automation without
interfering with actual manufacturing operations.

From this perspective, machine learning should function as the perception and intelligence
layer of the digital twin, facilitating automated perception of visual information and enabling
interaction between the digital and the robotic inspection.

2 Literature Review

Digital twin (DT) technology has shifted its focus from static virtual twins to dynamic and
data-driven virtual twins that facilitate the synchronization, monitoring, and decision-making
processes with the aid of real-time technology. Recent studies have shed much light on the
significance and importance of DT technology with regards to the implementation of
intelligent manufacturing systems, human-centric Industry 4.0/5.0 concepts, and the
coordination within multirobot environments [6,7,15].

Object detection, classification, and manufacturing process monitoring have been
successfully implemented in manufacturing systems. Rodrigues and Lasthaus discussed the
computer vision approaches available for the manufacturing industry’s components. Yu et
al. proposed an extensive survey on the role and uses of computer vision for assisted additive
manufacturing. Computer vision was also considered for sustainability-oriented
manufacturing systems and for the development of industrial safety systems known as Safety
4.0.

In recent times, several studies specifically explored the concept of integrating ML
models with DT. A DT framework with the support of RTA for flexible manufacturing
systems was proposed by Ullah et al. [3]. Kovari proposed a DT framework with the support
of vision transformers for the Industry 5.0 concept. In this work, the potential of ML models
for DT was explored. O’Donovan et al. [11] highlighted how computer vision can improve
the sustainability of steel manufacturing by enabling real-time monitoring and quality
assessment, reducing waste, and optimizing resource usage. Similarly, Yousif et al. [12]
explored the role of vision-based systems in the context of Safety 4.0, demonstrating how



EPJ Web of Conferences 354, 03005 (2026) https://doi.org/10.1051/epjcont/202635403005
GCMM 2025

advanced industrial protection can be achieved through automated detection of hazards and
compliance monitoring. In the realm of robotic assembly, Touhid et al. [13] evaluated the
synchronization of digital twins using YOLOVS for real-time object detection, emphasizing
the importance of accurate vision-driven feedback for maintaining DT fidelity in dynamic
manufacturing environments.

Advanced manufacturing planning and process optimization is another area where digital
twins have been applied. Wang et al. [7] reviewed DT-driven multi-robot collaborative
manufacturing with challenges in real-time data fusion and scalability, while Li et al. [8]
proposed feature level DT for intelligent machining using model-based definition data and
Vinci-Carlavan et al. [9] developed DT for operations management in engineering-to-order
environment. Doroszuk et al. [14] integrated computer vision with Discrete Element Method
and Smoothed Particle Hydrodynamics (DEM-SPH) simulations to calibrate a laboratory-
scale digital twin for copper ore milling, demonstrating the applicability of vision-assisted
DTs in process-specific optimization. Kozin [15] further discussed the operational
management benefits of digital twin technology in car maintenance and repair, illustrating
how DTs, when combined with visual inspection and monitoring, can streamline production
and service planning.

In general, the literature shows that machine learning, computer vision, and digital twin
technologies are increasingly converging. However, most of the existing research either
focuses on perception models or virtual system modeling in isolation or is mostly dependent
on offline analysis. In this context, the contribution of the current work is an integrated ML-
driven digital twin framework, which offers real-time perception, continuous data exchange,
and synchronized virtual modeling for intelligent industrial automation.

3 Materials and Methods

This section is dedicated to presenting the architecture of the proposed system and the
methods used to implement it. It begins with an overview of the parts inspection problem and
its specifications. Following this, the solution architecture is described and its subsystems are
detailed, with the main materials and methods employed to develop them. Finally, the
integration of the system parts is performed.

3.1 Inspection Problem

A typical application of machine vision systems in manufacturing is the inspection of parts
through the detection and classification of these objects in images. The case study in this
work is the simulation of a visual inspection routine, which is performed by a fixed robot
with a camera attached to its flange. The real system used as a reference for the construction
of the DT is shown in Fig. 1. The inspection is performed on a set of mechanical parts that
are arranged on a work area. The vision system identifies which parts are on that area and,
upon locating a specific part, the robot approaches and acquires a new image of the “target”
part.
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Fig. 1. Real reference system, KUKA iiwa robot with camera attached to the end effector and parts
arranged on a work area.

To characterize the inspection task, five real mechanical parts were selected. This set, shown
in Fig. 2a, consists of the following aluminum parts: a U-shaped support parts were also
used, which are shown in Fig. 2b and make up the simulation environment.

(a) Actual parts and scale reference (b)3Dmodels of the parts
Fig. 2. Set of mechanical parts.

The inspection routine begins when the system control receives a message with the name of
the target part. Subsequently, the robot moves to a zero position, where the entire work area
is visible to the flange camera. An image is captured and processed by the vision system,
obtaining information about which parts are on the work surface, as well as their position in
the image plane. With this information, the robot executes approach movements on the target
parts and captures new images; this operation is repeated according to the number of "target"
parts detected. For example, if the target part is a gear and three gears are detected on the
work area, three approaches are performed.

3.2 System Architecture

The architecture of this work is divided into subsystems, so that its development can be
carried out in modules. Fig. 3 presents a diagram with this division. All components of the
diagram are software applications and have the following functions:

e Simulation: Simulate the robot's kinematics, the environment or "world" in which the
robot is inserted, and the camera;

* Vision System: Acquire images of the environment, process them with a machine
learning algorithm, and return the positions of the parts. In parallel with the inspection
routine, it must also perform the training and validation of the machine learning algorithms.
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* Control: Defines the sequence of operations executed by the vision system, reads the

state of the robot's joints, and publishes new joint states according to the result of the part
positions.
Unlike classification-focused, feature extraction, object localization, and classification CNN
models, which are typical with classification-focused CNNs like AlexNet or ResNet, the
network integrates feature extraction, object localization, or classification into a single
network, as with YOLOvS. CSPDarknet53 efficiently supports gradient flow, resulting in
low computational complexity, which makes it ideal for robotic inspection.

VISION SYSTEM |

Image bank Deep learning Algorithm
model training validation
| Image bank
PR T—
Algorithm
validation
Vision Agorithm p————
‘1 Vision Algorithm
SIMULATION CONTROL
|
| World World Description |

Metion Optimization

Robot :
. [— Control |

Fig. 3. Diagram of the proposed simulation, with information flows between modules.

3.3 Vision System

The vision system aims to process the images acquired by the camera to obtain descriptions
of the environment. These descriptions are used to guide the robot's actions. To perform the
image processing, supervised ML techniques with a CNN structure were selected, which have
good performance in object classification tasks. The structure of this system is presented in
the diagram in Figure 4 and can be summarized in three stages: acquisition and preparation
of a database (in this case, images), training of the selected CNN, and validation of the CNN
based on performance metrics. The training process is iterative, and according to the results
obtained in the validation stage, the input data can be changed (for example, by increasing
the number of samples) or the training parameters of the algorithms. At the end of this
process, a file containing the internal parameters of the CNN is saved [16-20].

In the context of the present paper’s suggested inspection system, the part dedicated to
machine learning relies on a convolutional network known as You Only Look Once (YOLO),
which deals with object detection and classification simultaneously. Specifically, the
YOLOVS5s network has been utilized and relies on a convolutional neural network known as
CSPDarknet53 that functions with a Path Aggregation Network.

The network was built using the popular deep learning library PyTorch, as it was recognized
to be not only flexible but also to have sizable support from developers worldwide, hence
best suited for research-oriented development. The training of YOLOVS, as conducted, was
directly from the official YOLOVS repository.
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Fig. 4. Vision system diagram.

3.3.1 Image Database

Building a database, in this case an image database, is the first step in applying ML techniques
after defining the objective of the work. The images in the dataset are used in the training,
validation, and testing stages of the algorithms, and their quality is fundamental to obtaining
good results. Since the methods used are supervised ML, in addition to the images, the target
information that the algorithm must be able to infer is necessary. In the case of object
classification, each image file has an associated label file (usually encoded in text), which
contains position information in the form of bounding boxes and classes of the objects present
in the image. The bounding boxes are encoded in the center, width, and height of the object
in pixels.

The creation of datasets traditionally requires a great deal of manual effort to label each
object in the image. In addition, the volume of data required for training DL networks is quite
high, easily reaching the order of millions of images with the ImageNet dataset consisting of
1.2 million images. This combination of volume and manual effort is a limitation in the use
of DL algorithms. One way to overcome this problem is to build synthetic images in an
automated way. Rodrigues (2020) shows the automatic creation of a dataset with images of
mechanical parts from the 3D CAD models of the parts [18-23]. In addition, the author
performs the training of ML algorithms, obtaining good results in the task of classifying
objects in the images.

The image dataset was built automatically from the 3D models of the parts. This is done
within the IsaacSim simulation tool, which allows texturing of the parts and application of
the domain randomization (DR) method. Tobin et al. (2017) presents this method as a way
to create variability in the simulated data. The hypothesis tested by the author is that if the
variability in simulation is significant, the ML models trained in simulation will be able to
generalize in applications with real data. In the case of the problem of classifying objects in
images, this variability consists of the random alteration of texture, position, quantity, and
illumination of the simulated objects. Two samples of the dataset generated with this method
are presented in Fig. 5, highlighting variations in texture, illumination, and quantity of pieces
in the workspace. Approximately 2500 samples were generated to compose the dataset, a
quantity considered sufficient based on previous work.

https://doi.org/10.1051/epjcont/202635403005
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Fig. 5. Samples of the dataset applying DR.

The label information, which encodes the position and class of the objects, is also generated
automatically. Fig. 6 exemplifies this information by plotting it on a synthetic image of the
workspace. The numbering observed on the boundary of the bounding boxes is the class
coding of the objects.

0

30

° x0 0 w w0 1000 1200

Fig. 6. Example of a sample of the dataset with bounding box labels and class numbering.

3.3.2 Artificial Neural Network Architecture

Since the objective of this work is to develop the DT of a robotic device with a vision system,
which acts as an inspection system in manufacturing, processing time was a major factor in
the choice.

In short, the selected YOLO algorithm performs two tasks on images: the detection and
classification of detected objects in a single network architecture. The strategy for performing
these tasks consists of dividing the input image with a grid and, for each part of the division,
inferring the object's boundaries in the image and its class. This process is exemplified in
Figure 7, where the input image generates a map of bounding boxes that indicate the
algorithm's confidence in the existence of an object in the bounded region and a second
probability map of the region representing a class of the dataset. Finally, the bounding boxes
with the lowest confidence are eliminated, and the predominant classes are applied to the
remaining bounding boxes, generating the final detection.
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Fig. 7. Detection and classification strategy of the YOLO network.

In this work, YOLOvVS5s was chosen considering its appropriate trade-off between inference
speed and detection precision. The former is an essential factor for implementing this model,
considering it will be used for inspection purposes. The network includes CSPDarknet53 as
a backbone for feature extraction, a Path Aggregation Network for feature fusion, and a
YOLO network for object detection at different spatial resolutions.

The optimization of object localization is done using Complete Intersection over Union
(CIOU) loss, whereas for objectness confidence and classification, Binary Cross Entropy
(BCE) loss is being used. This loss function formulation is able to simultaneously optimize
object presence, bounding boxes, and classification.

The YOLOVS network was trained with the PyTorch 1.13 framework. The framework

was accelerated using CUDA 11.7. The network was trained using an SGD optimizer with a
momentum of 0.937 and weight decay of 0.0005. The batch size was set to 16 images. The
images are resized to 640 x 640 pixels.
In our case, the training was performed for 50 epochs with an initial learning rate of 0.01,
which decayed with a cosine function. In addition, all the inherent principles of data
augmentation, which are incorporated in YOLOVS, such as random scaling, flip, HSV, and
mosaic, were enabled.

3.3.3 Deep Learning Library

DL libraries are abstractions of mathematical functions in a programming language, usually
Python and C++. Their goal is to make the construction of deep learning models more flexible
in research and commercial applications. Currently, two libraries stand out: PyTorch and
TensorFlow, maintained by Facebook and Google, respectively. In this work, PyTorch is
used for application development. In terms of performance, they are equivalent, and the
choice was based on PyTorch's syntax.

One of the advantages explored in the use of these libraries is the rapid construction of
artificial neural network structures through the chaining of small functions. The example in
Figure 8 illustrates this process, where a CNN structure, is implemented by the
MyNeuralNetwork class in the Python programming language. The basic functions are
defined in init() by two convolutions (convl and conv2) and three fully connected layers (fcl,
fc2, and fc3).
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Fig. 8. Example of using the PyTorch library in the Python programming language.

3.3.4 Network Training

The YOLO network training phase begins with dividing the dataset into two parts: a training
part and a validation part. A ratio of 80% - 20% is common in the literature, with the majority
of images used for training. The validation part is used during training to evaluate the
network's performance on accuracy metrics and adjust its internal parameters. Additionally,
a test dataset is used after training to quantify the network's performance on new images.

Besides dividing the dataset, it is necessary to choose the training hyperparameters. These
parameters are not the network's internal parameters, such as the w weights. The main
hyperparameters are learning rate and epochs, which define, respectively, the size of the
minimization step and the number of iterations. Each epoch represents a complete pass of all
training samples through the network. Learning rates of 0.01 and 50 epochs were used for
training. The main hyperparameters and data amounts used in training are summarized
below:

* Epochs: 50;

* Learning rate: 0.01;

* Training dataset: 1812 images;

* Validation dataset: 773 images;

* Test dataset: 500 images.

3.3.5 Training Validation

The performance of the trained YOLO network is evaluated on a test dataset with 500 images
not used during training. This evaluation is divided into the network's two tasks: object
detection and classification. For detection, a confusion matrix is generated to quantify
precision and recall. For classification, a confusion matrix with size n x n is constructed,
where n is the number of classes, and different parts are used in training.

The precision and recall metrics represent, in this context of part detection, respectively,
the number of correct detections out of all those performed and the number of correct
detections out of all possible ones. This problem generates the binary matrix in Figure 9,
where the algorithm can infer whether or not a part exists in a region of the image. Therefore,
the result of the detection can be one of the four options in the matrix: VP True Positive, FP
False Positive, FN False Negative, and VN True Negative. It is important to note that in this
part detection problem, there is no labeling for regions without parts, so the VN result will
not be obtained, remaining null in the matrix.
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Fig. 9. Confusion matrix for part detection.

For the classification task, a 5 x 5 confusion matrix is constructed, with the five types of parts
described as before. The model of this matrix is illustrated in Figure 10. The main diagonal
represents the quantity of True Positives, the columns quantify the False Negatives, and the
rows the False Positives.
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Fig. 10. Confusion matrix for classification.

3.4 Simulation

The simulation module aims to build a design test (DT) of the robot and its work environment,
and also to enable integration with the vision system. The simulation was developed using
IsaacSim software, whose purpose is to serve as a platform for developing robotics
applications. Furthermore, this software allows for physics simulation, such as collisions, and
photorealistic visualization of the 3D models that make up the simulation, an important factor
in this context of image processing.

10
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3.4.1 3D Models

One of the main components of a DT is digital representations of real devices through CAD
models. Within the context of this work, the models used are 3D and have the function of
generating a graphical representation of the problem under study through the composition of
a scene, illustrated in Fig. 11. The elements that make up this scene are: robot, workspace,
and parts for detection. There are also components without a 3D structure in the scene, such
as lighting, camera, and textures. All simulation components are organized in USD
(Universal Scene Description) format.

The 3D models of the parts are obtained from free online repositories, the source files
for the KUKA iiwa robot model are from the ROS (Robot Operating System) Industrial
repository and also allow free use and modification.

Fig. 11. Composite scene with 3D models of the robot, parts, camera, and workspace.

3.4.2 Robot movement in simulation

The kinematics of the KUKA iiwa study robot were described using the DH parameters. The
geometry results in relatively simple parameters indicated in Table 1 below. Since all joint
axes can be aligned simultaneously with the Z" axis of the base, the ai parameter column is
null. The parameters were assigned with the robot fully extended, and additionally, the joint
rotation limits were added to the table.

Table 1. DH parameters for the KUKA iiwa study robot, plus joint rotation limits.

i oi di ai 0i Limits (degrees)
1 —n/2 doz 0 01 +170°
2 /2 0 0 02 +120°
3 /2 d24 0 03 +170°
4 —n/2 0 0 04 +120°
5 —n/2 d46 0 05 +170°
6 /2 0 0 06 +120°
7 0 de7 0 07 +175°

11
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The distances between the coordinate systems d02, d24, d46, and d67 are, respectively, 340
mm, 400 mm, 400 mm, and 126 mm, according to the manufacturer's website.

Within the simulation environment, the robot is described by a URDF (Unified Robot
Description Format) file, which contains kinematic, dynamic, 3D model, and collision model
information. The URDF description of the KUKA iiwa was implemented based on the ROS
Industrial repository (HOORN, 2021), and modifications were made to ensure the description
matches the one performed using the DH convention.

Compared to the description made via DH, there were coordinate systems rotated in Z*
that were corrected. In this work, only the position of the simulated robot's end effector is
analyzed, based on the workspace description provided by the vision system. Manipulator
velocities and accelerations are not analyzed. The movement to the pose indicated by the
vision system result is performed by transforming the 2D coordinate system of the image into
the 3D system of the robot's base. Since there is no depth information with a monocular
camera, a working height z was fixed for the camera. Knowing the camera's aperture angle,
this transformation between the image plane and the workspace plane was also performed.

3.5 Vision-Robot Control and Integration

The integration between the vision system and the simulated robot is done with the ROS
software. ROS is a set of free software tools and libraries dedicated to the development of
robotics applications. In this work, it is used for data communication between the simulation
and the vision system. This task is facilitated by ROS through a standardization of messages
and a publisher & subscriber communication structure between nodes and topics. A node, in
the context of ROS, is an executable program responsible for one or more tasks. A topic can
be interpreted as a memory space where nodes can write or read messages with standardized
formats.

A simplified computation diagram with the system's nodes and topics is presented in Fig.
12, where nodes are represented by ellipses and topics by rectangles. The simulation tool
used, IsaacSim, allows communication with ROS through a specific node named
/OmnilsaacRosBridge. An /inspection_routine node, external to the simulation, was built to
control the inspection task. Communication between these two nodes is done by exchanging
messages in the topics. There are two main messages in the communication: the robot's joint
status and the RGB camera image.

The inspection node is triggered by a third message with the target part type, that is,
which type of part should be approached and a detailed image acquired. Subsequently, this
node reads the messages from the /rgb topic, which contains the simulation camera image,
and performs an inference with the previously trained YOLO network. The result of this
inference returns an estimate of the positions (bounding boxes) of the parts and their classes.

12
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Fig. 12. Simplified computational graph with main nodes and topics of the system.

It is worth noting that the ROS version used in this work is Noetic. The entire simulation
environment and the YOLO network are run on a Linux machine with Ubuntu 20.04, Intel
10700 processor, 32 GB of RAM and NVIDIA RTX 3060 graphics card.

In this work, iterative methods of the Movelt! framework are used to solve the inverse
kinematics of the robot and generate its trajectory. Movelt! is an open-source software tool
with motion planning, object manipulation, inverse kinematics, and collision checking
functionalities.

3.5.1 Handeye Calibration

The Hand-Eye calibration process was performed in simulation by positioning a frame of
fixed ArUco markers, as illustrated in Figure 13. The markers are detected in the simulated
camera image using computer vision algorithms, and the pose of the frame, or target, is
estimated. The robot is moved to 15 different poses, and the poses of the target, camera, and
end effector are recorded, forming the AX = BX problem. The solution to this problem is
computed numerically using a standard calibration method and the Movelt! tool in the ROS
software.

Fig. 13. Scene used for Handeye calibration with ArUco target.

13
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3.6 Integration of Digital Twin and Machine Learning

In the above suggested framework, the concept of machine learning (ML) represents a
fundamental function of the digital twin. In this respect, the DT may essentially comprise the
following components of the simulation of the Robotic System for Visual Inspection: the
simulation of the robotic system, the simulation of the environment, the simulation of the
workspace, the ML function. In the simulation of the Robotic System for Visual Inspection,
there are components of the robot's kinematics and the camera. In addition, there are the
components of the environment and the mechanical parts. On the other hand, the

The ML model, which utilizes a convolutional neural network based on the YOLO approach,
acts as a perception layer for the digital twin, converting the uninterpreted visual images into
more structured knowledge that allows the digital twin to update its virtual world view and
inform the actions of the robots within the simulation environment.

However, the data flow within the proposed framework has been set up in a bidirectional
fashion. On one end, the generated visual information as per the simulated camera and, in the
end, the real camera will be sent to the ML module for making appropriate inferences.
However, the inferred information will be used again to update the digital twin and make
control decisions, thus keeping the digital twin up to date about the prevailing state within
the inspection environment.

This, however, does not apply to the current research, as it primarily deals with the
implementation of an appropriate task for the operation of the digital twin. Nevertheless, it
ought to be mentioned that such an architectural design inherently supports the
implementation of feedback and predictive characteristics. The dynamic nature of gathered
results from the implemented inspection task can eventually permit the recognition of trends
in defective components, non-standard distributions of parts, as well as non-standard system
operation.

4 Results and Discussion

This section presents the results of the YOLO network in the detection and classification
tasks and its integration into the simulation environment. A first analysis is performed on the
test dataset and then on different simulation scenes. Finally, a brief analysis with real images
is presented and discussed.

4.1 Object Detection and Classification

During the training phase, the progress of minimizing the cost function, or loss, was also
analyzed. The values of this function throughout the epoch iterations are the error sums for
each set of training and validation images. The reduction of this value, and therefore of the
error, indicates an improvement in network performance. Fig. 14 shows the training and
validation loss during 50 epochs. It is clear that there is a lower error reduction rate after the
twentieth epoch, which is also evident in the graph in Figure 15 with the precision and recall
metrics. This behavior implies that training could be completed in at least half the epochs and
in half the time. The total training time for 50 epochs was 35 minutes with an NVIDIA RTX
3060 graphics card.

14
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Fig. 14. Minimization of training and validation cost functions.

The precision and recall metrics throughout the training process are presented in Fig. 15. As
observed in the loss graph, performance stabilizes after 20 epochs, precision reaches values
above 90%, while recall remains between 80% and 85%.
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Fig. 15. Evolution of Precision and Recall metrics during training.

The two detection and classification tasks were evaluated on a test dataset containing 500
synthetic images, and the confusion matrix in Figure 16 was generated with the five classes
present in the dataset. It is worth noting that the classes are not balanced in the dataset, that
is, there is a different number of samples for each piece. To facilitate the visualization of the
results in the confusion matrix, rates were used instead of absolute values. An extra
dimension was also added to the matrix to represent False Positive and False Negative
detections. Table 2 presents the metrics evaluated by object class. Overall, the network
performed well on the test dataset, with 94.8% precision and 87.7% recall.
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Table 2. Summary of YOLO network classification results.

Class Images Labels Precision Recall
Profile 500 939 0.966 0.950
Upper Support 500 1396 0.951 0.764
Lower Support 500 1724 0.881 0.852
Bearing 500 1317 0.952 0.920
Gear 500 821 0.991 0.901
Overall 500 6197 0.948 0.877
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Actual
Bearing L Support ) Support

Gear

Frofie U Suppart L Supparnt Bewing Gew

odxctod Class

Fig. 16. Normalized confusion matrix for multi-class part classification using the YOLO network.
Rows indicate ground-truth classes and columns indicate predicted classes. Values are expressed as
percentages to improve readability and comparison across classes.

A clearer interpretation of the detection and classification results may be made by enhancing
confusion matrix Fig. 16. As shown in the revised confusion matrix presented here, class
names have been included. The rows have been marked as ground-truth classes, while
columns indicate classes that have been predicted through a YOLO network.

For the object detection task, the confusion matrix describes the detection or non-detection
of parts within regions of interest. In other words, True Positives (TP) represent the correctly
identified parts, False Positives (FP) denote incorrectly identified parts where actually no
parts are present, while False Negatives (FN) classify incorrectly identified parts. In addition,
because background regions are not identified, the values for True Negatives (TN) are not
used.

To classify each object in the image and associate it with its corresponding class within these
five categories of mechanical parts, we use a multi-class confusion matrix. This measure will
prove effective for testing the network's capacity for accurate discrimination among these
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five categories. In terms of Fig. 16 and the five types of mechanical parts, we see relatively
higher diagonal dominance, thus proving and validating our claim that this network is capable
of accurate differentiation among these five categories.

4.2 Simulation-Based Validation and Real-World Transferability

Initially, the proposed inspection framework's validity was established through a simulation
environment that is of a highly realistic nature. This is because the primary focus of digital
twin technology is to offer a means of quick development, testing, and optimization of robot
technology prior to implementation, so that there is less chance of monetary loss and
machinery haltage.

Although large scale experiments were not carried out in real-world scenarios for this specific
study, preliminary qualitative evaluation for such scenarios considering actual images of
different mechanical parts was made. The YOLO network showed promising behavior for
geometrically similar objects, and hence, it is confirmed that domain randomization approach
is successfully implemented.

Comprehensive validation in a real-world scenario would be conducted in future work,
mainly through hardware in loop, depth sensor integration, and extensive quantitative
benchmarking. Such features are anticipated to augment realization of enhancing
applicability of the proposed digital twin framework.

5 Conclusions

This work successfully developed a digital twin of a robotic inspection system capable of
detecting and classifying mechanical parts in a simulated environment. The YOLO network,
trained on a synthetic dataset with domain randomization, demonstrated high precision
(94.8%) and recall (87.7%) on the test images, validating the effectiveness of the approach.
The integration of IsaacSim and ROS Noetic enabled seamless communication between the
robot and the vision system, supporting tasks such as hand—eye calibration and target
acquisition. The results indicate that the proposed framework can significantly reduce the
time and cost associated with developing robotic inspection systems, offering a reliable
platform for training, testing, and validating machine vision algorithms before deployment
in real industrial environments. Future work may explore the inclusion of depth sensing,
dynamic part placement, and real-world transfer learning to further improve system
performance.

Even though this study is focused on simulation-based evaluation, the incorporation of
synthetic to real generalization analysis, along with some preliminary evaluation on real
images, suggests that the possibility exists to deploy these trained models on actual inspection
devices as well.
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