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ABSTRACT

This paper presents a Python-based robotic sorting application developed in CoppeliaSim. The system includes two URS5 robotic manipulators, conveyor belts,
and computer vision for identifying objects based on color and shape. Two classification methods were compared: conventional OpenCV image processing and
Random Forest machine learning. The evaluation used a dataset of 170 images containing four object categories, with 34 images selected for testing. Random
Forest achieved 100% classification accuracy, while OpenCV achieved 67.65%. Processing performance was also examined using two recorded simulation
sessions, each containing 20 objects. OpenCV showed a lower average inference latency of 1.63 ms, compared with 63.66 ms for Random Forest. The results
show that Random Forest provided better classification accuracy on the selected images, while OpenCV required less processing time. The study offers a simple

comparison of two classification methods for simulated robotic sorting.
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1. Introduction

Industrial automation increasingly integrates robotic manipulators, computer vision, and intelligent software to support flexible manufacturing
operations. Vision-based robotic systems can recognize objects and coordinate manipulation tasks using information extracted from digital images [1].
Robotic sorting, object identification, and machine learning (ML) may all function together in one cohesive framework that is based on Python [2].
Automated systems may be better adjusted to various object properties with the use of sophisticated visual processing [3].

Automated sorting applications rely on accurate item categorization. Without human assistance, computer vision systems can detect important visual
qualities including form, color, and spatial location. Applications for vision-based safety monitoring have shown how virtual robotic workstations may
be interpreted by image processing [4]. Additional opportunities for automated categorization and decision-making are presented by ML approaches [5].
Offline Al applications have also used image-based recognition, proving that it is possible to combine visual processing with local software execution
[6]. Nevertheless, processing time and recognition performance must be considered when choosing a classification approach [7].

The use of robotic simulation platforms allows for the development and evaluation of automated operations in a controlled environment prior to their
actual deployment. Integrating external algorithms with simulated industrial manipulators has been shown via Python-based planning apps [8]. A
number of recent research have investigated the use of artificial intelligence approaches for robotic manipulation and object categorization [9]. The
representation of robotic workspaces influences how movements and operational constraints can be handled in simulation [10]. Graph-based planning
studies have shown that different geometric representations can lead to different computational and planning characteristics [11]. Such considerations
are relevant when robotic manipulators must operate alongside conveyors and repeatedly transfer objects between predefined locations.

The performance of automated sorting systems also depends on the coordination of perception, movement, and control. Geometric continuity has been
investigated as an important characteristic of industrial robot trajectories [12]. Vision-based robotic grasping research has demonstrated how visual
information can support manipulation decisions [13]. Optimization methods have also been applied to articulated robot trajectories to improve
movement efficiency [14]. The prediction of human mobility in shared workplaces has also been investigated in research on robot navigation [15].

Coordinated software and robotic processes are more important in general, as these examples show.

Integrating several computing components into a single operating system is another essential aspect. One further use of vision-based teleoperation is the
integration of robotic arm control with human hand tracking [16]. Efficient software-based engineering systems and artificial intelligence research has
also highlighted the need of data- and application-specific evaluation of computational approaches [17]. In order to detect production flaws in photos,
similar industrial inspection apps have employed YOLO-based techniques [18]. Changes like this show how important visual data is becoming for

automated engineering choices.
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Even though robotic automation has come a long way, complicated deep learning frameworks aren't always necessary for basic categorization issues.
Research on ML in software engineering has also shown the importance of model selection and input features for different applications [19]. Previous
comparative work on mathematical prediction methods has similarly highlighted that computational approaches should be selected according to the
characteristics of the available data and the intended task [20]. For conveyor-based robotic sorting, a direct comparison between conventional image
processing and a ML classifier can therefore provide useful evidence regarding classification performance and computational requirements.

This paper presents a Python-based robotic sorting system developed in CoppeliaSim using two URS robotic manipulators, conveyor belts, image
processing, and automated object handling. Two approaches are evaluated: conventional OpenCV image processing and Random Forest classification.
The comparison considers object recognition accuracy, processing latency, and recorded sorting-session duration. The objective is to identify the
advantages and limitations of both approaches within the same simulated robotic architecture, providing a practical evaluation of lightweight visual
classification methods for automated sorting applications.

2. Materials and Methods
2.1 Robotic Sorting System Architecture

Software applications, computational methodologies, and interactive control mechanisms are all part of what makes up current automated system
development. Both the structuring of software development processes and flexible software applications for learning have been the subject of prior
study [21, 22]. When it comes to industrial automation, where many software modules need to share data while the system is running, same
architectural ideas might be used.

Python and the ZeroMQ Remote API were used for remote control of the robotic sorting system that was designed in this project and was implemented
in CoppeliaSim. There are two sorting stations, five conveyor belts, a vision sensor, proximity sensors, and two URS robotic manipulators in the virtual
manufacturing line. Color and form are used to identify objects before they are moved to their respective sorting areas. Fig. 1 shows the general layout
of the robotic sorting system that was used in the simulation. It includes the conveyor system, the robotic manipulators, and the stations that handled the
objects.
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Fig. 1. Overall architecture of the automated robotic sorting system developed in CoppeliaSim.

The software architecture consists of independent modules for object generation, visual processing, classification, conveyor control, robot manipulation,
and performance monitoring. The integration of several processing components has also been investigated in multimodal intelligent interfaces [23,24],
although the present application uses camera-based classification rather than human physiological inputs. A PyQt6 graphical interface allows the
operator to control the simulation and select the classification approach.

Efficient execution also depends on coordinating software components and maintaining communication between processing tasks. Previous research
has explored multithreaded software applications [25], while other studies have examined tools for monitoring complex software systems [26]. In the
proposed system, the graphical interface and simulation control are separated to maintain responsiveness during robotic execution.
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The development of intelligent engineering applications can also be viewed within the broader context of Industry 5.0 and digital transformation [33].
Research has examined how organizations prepare for new management approaches during technological changes [34]. At the application level, sensors
and control software have been integrated into home automation systems [35] and embedded prosthetic devices [36]. ML has also been applied to
resource allocation and decision-making in engineering projects [37]. Although these studies address different problems, they show how software, data
processing, and control functions can be combined in practical applications. The present study applies a similar general approach to a simulated robotic
sorting system.

2.2 Object Classification Methods

Two classification approaches were implemented: conventional OpenCV image processing and Random Forest ML:

e The conventional method converts the acquired images into HSV color space and applies predefined thresholds to distinguish red and blue objects.
Shape identification is based on contour analysis using the extent parameter, defined as the ratio between contour area and bounding rectangle
area. A threshold of 0.88 is used to distinguish cubes from cylinders.

. The Random Forest method uses four numerical characteristics extracted from the images: mean hue, mean saturation, circularity, and extent.
These characteristics are provided to a classifier consisting of 100 decision trees.

Using ML in various decision-support and prediction settings has shown how crucial it is to choose the right input variables and assessment methods
[27,28]. Rather than robotic classification, these research focus on educational prediction, yet they nevertheless demonstrate supervised learning in
action using structured datasets.

Data properties and analytical goals can have a role in the choice of computational techniques. Prediction methods have been investigated in supervised
learning applications [29], while ML has also been used in software project management [30]. In the present study, this principle motivates the
comparison between a deterministic image-processing method and a supervised classification model, without assuming that findings from other
prediction domains directly transfer to robotic sorting.

Data processing and classification techniques have also been investigated in other intelligent applications, including brain-to-text prediction systems
[38]. There have been developments in software-based decision-support systems for evaluating employee performance using structured indicators [40]
and the use of supervised learning to bolster academic human resources prediction [39]. All of these uses case show how computational techniques may
be used to recorded data in order to make predictions, classifications, or judgments, even when the input data and goals are different.

2.3 Dataset and Experimental Configuration

The image dataset contains 170 samples distributed into four categories: blue cubes (40), red cubes (35), blue cylinders (51), and red cylinders (44). For
the classification evaluation, the 170 images were ordered alphabetically by their file paths before being divided into 80% training data and 20% testing
data, using a fixed random state of 42. Both classification methods were evaluated using the same 34 test images.

Both methods were integrated into the same virtual sorting architecture. The experimental configuration includes object generation, image acquisition,
classification, conveyor transportation, robotic manipulation, and performance recording.

Monitoring and visualizing operational information are important aspects of software-assisted evaluation. Previous research has presented visualization
methods for identifying variations in recorded digital activity [31,32]. Although developed for different applications, these studies illustrate the general
usefulness of organizing recorded information into interpretable indicators.

The experimental evaluation uses two recorded sorting sessions containing 20 object-processing records for each classification method. The collected
information includes classification latency and session duration. In addition, the archived image dataset allows classification accuracy to be evaluated
separately. These measurements provide the basis for comparing conventional image processing and Random Forest classification within the proposed
robotic sorting environment.

Engineering studies use different methods to evaluate system performance. Numerical analysis has been used to investigate the dynamic behavior of
bionic mechanical systems [41], while other research has compared numerical and experimental results for structural components [42]. Multicriteria
methods have also been applied to the evaluation of material recovery alternatives [43]. In applications involving personal information, data use and
governance have been examined as additional aspects of system evaluation [44]. These studies address different evaluation needs. In the present work,
the analysis is limited to image classification accuracy and recorded processing times in a simulated robotic sorting system.

3. Results

The two classification methods were evaluated using the available image dataset and the recorded CoppeliaSim sessions. The evaluation focused on
classification accuracy and processing time. Table 1 presents the classification results obtained using 34 test images from the dataset of 170 images.
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Table 1. Classification results for OpenCV and Random Forest.

Indicator OpenCV Random Forest
Test images 34 34

Correct classifications 23 34

Accuracy (%) 67.65 100.00

Random Forest correctly classified all 34 test images, while OpenCV correctly classified 23 images. The OpenCV method correctly identified all 18
cylinders, but only 5 of the 16 cubes. These results show that Random Forest performed better on the selected dataset. However, the number of test

images was relatively small.

The processing performance was also examined using the recorded CoppeliaSim sessions. Each session contained 20 object-processing records, as
presented in Table 2.

Table 2. Processing performance during the recorded sorting sessions.

Indicator OpenCV Random Forest
Recorded objects 20 20

Mean inference latency (ms) 1.63 63.66

Minimum latency (ms) 1.29 59.40
Maximum latency (ms) 341 87.86

Session duration (s) 222.40 238.66

OpenCV was considerably faster than Random Forest. Its average inference latency was approximately 39 times lower. The recorded session was also
16.26 seconds shorter with OpenCV. However, the total session duration included conveyor movement and robotic operations, not only image
classification.

Overall, the results show a difference between classification accuracy and processing speed. Random Forest achieved higher accuracy on the test
images, while OpenCV required less processing time. The evaluation was limited to four object categories in a simulated environment. Some test
images had the same extracted features as training images, which may have influenced the Random Forest results. In addition, the recorded sessions did
not provide independent confirmation of correct object placement. Therefore, these findings represent a preliminary comparison of two simple
classification methods for robotic sorting.

4. Discussion and Conclusions

The results show that both classification methods can be used in a simulated robotic sorting system, but they offer different advantages. Random Forest
achieved better accuracy on the selected images, while OpenCV required less processing time. This suggests that the choice of classification method
depends on the needs of the application.

The study was limited to four object categories and a relatively small image dataset. The system was tested in CoppeliaSim, without validation on
physical robots. Future work may include more object types, different lighting conditions, and tests using real robotic equipment.

In conclusion, the developed Python application allowed the comparison of two classification approaches within the same simulated sorting system.
The results provide a useful starting point for further work on simple vision-based robotic applications.
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