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1. INTRODUCTION

In modern industrial automation, object sorting systems [1], [2] play a crucial role in enhancing
productivity, accuracy, and efficiency. Traditional sorting methods rely heavily on pre-defined rules and
handcrafted features, which often fail to generalize in dynamic or complex environments. To address these
limitations, artificial intelligence (Al)—particularly deep learning—has emerged as a powerful solution,
enabling machines to perceive and classify objects more effectively. This research presents a deep learning-
based approach [3], [4] for object sorting using a robotic arm, with a specific focus on identifying and
classifying objects based on their shape and color [5]-[7]. The system extracts meaningful visual features
from captured images, allowing for robust object recognition under varying conditions. The classified
information is then used to guide the robotic arm for accurate and efficient sorting. The integration of
computer vision and robotic manipulation offers significant potential for applications in packaging, waste
management, manufacturing, and logistics [8]-[10]. This study aims to design, develop, and evaluate a
prototype system that demonstrates the feasibility and performance of such integration. The proposed system
not only automates the sorting process but also improves adaptability and scalability compared to rule-based
or sensor-only approaches. The key contributions of this work include the design of a vision-based
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classification model, the implementation of an object-sorting mechanism using a robotic arm [11]-[13], and
the evaluation of the system’s performance in real-time sorting tasks.

Object detection is a continuously studied research topic in the field of computer vision, aiming to
identify and classify objects across sequences of frames. Detecting objects in video sequences is particularly
challenging and often requires significant processing time. Object detection is generally considered the first
step in building more complex computer vision systems [14], [15]. Each object possesses several global
features, such as color and shape, which can be used to describe its overall characteristics. Detecting object
shapes and colors [16]-[18] is a fundamental task in computer vision. This task is typically approached using
traditional methods with open source computer vision library (OpenCV), deep learning models such as
convolutional neural networks (CNNs), object detectors like you only look once (YOLO), single shot
detector (SSD), and faster region-based convolutional neural network (Faster R-CNN), as well as hybrid
techniques that combine traditional and deep learning approaches. Additionally, specialized tools such as
MediaPipe, scikit-image, TensorFlow, and PyTorch are often employed. A summary of the common methods
used for detecting object shape and color is presented in Table 1.

Recent advances in deep learning have significantly improved the performance of machine vision
systems used in object detection and classification tasks. CNNs [19], [20] have demonstrated exceptional
accuracy in image classification, making them well-suited for industrial applications involving visual
recognition. Several studies have explored object sorting using deep learning techniques. For example, one
study developed a vision-based robotic system that sorts waste materials using a CNN to classify different
types of plastic. The system achieved high classification accuracy under controlled lighting conditions.
Similarly, another study implemented a sorting mechanism for fruits based on color and size, using a
YOLO-based model for real-time detection [21]. In terms of robotic integration, researchers have
demonstrated systems where a robotic arm is guided by image recognition results to manipulate and sort
objects on an assembly line. These studies highlight the importance of accurate object localization and the
role of robotic kinematics in achieving efficient sorting. However, many existing works focus on either
color-based or shape-based sorting independently. Few systems combine both attributes to improve
classification robustness, particularly in environments with visually similar objects. Moreover, while some
systems use traditional image processing techniques (e.g., color thresholding and contour detection), these
approaches are often sensitive to noise and less generalizable across varying conditions.

This research employs a method for detecting the shape and color of objects, focusing on three
distinct shapes: circle, square, and triangle. Each shape is available in four colors: red, yellow, blue, and
green. The detection process utilizes the OpenCV library—specifically hue, saturation, and value (HSV)
color space and contour detection techniques [22]—a powerful tool widely used in computer vision
applications. The model is capable of simultanecously identifying both the shape and color of objects,
enabling the development of a real-time control system for the Dobot Magician robotic arm [23]-[25]. This
system supports fast and efficient object sorting using easily accessible and low-cost resources. Furthermore,
the research emphasizes a self-developed, code-based approach using Python and OpenCV, without relying
on proprietary machine vision software provided by the Dobot Magician manufacturer. Table 2 presents a
comparison of programming methods used to control the Dobot Magician.

Table 1. Summary of methods for detecting object shape and color

Method Ease ofuse  Accuracy Best for
OpenCV (HSV) + contours) Easy Medium  Basic shape and color detection
Deep learning (CNNs) Complex High Advanced, precise detection
Hybrid approach Moderate High Balanced speed and accuracy

Table 2. Methods for controlling Dobot Magician

Programming Use teaching  Use vision _ Controlled by Python Suitable for
Python only No Yes Yes Automatic inspection system with a camera
DobotStudio only Yes No No Teaching-based tasks, manual operation
Hybrid (mix) Yes Yes Yes Camera-based inspection followed by teaching

2. CONCEPT DESIGN AND CONTROL

The proposed object-sorting system integrates a classification model with a robotic arm to identify
and sort objects based on their shape and color. The hardware and software components work together to
form a real-time sorting system. The architectural workflow of this robotic object-handling system is
illustrated in Figure 1. The user initiates or controls the sorting process via a personal computer (PC). The PC
receives visual input from a camera that detects the position of the workpiece [26]. The image is then
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processed, and control commands are sent to the Dobot Magician robotic arm. Based on these commands, the
Dobot Magician picks up the detected workpiece and places it into the designated workpiece box.

[ User ]
Camera
webcam
Workpiece

Object

Dobot
Magician

Figure 1. Concept of the architecture model

2.1. Mechanical and electrical setup for the Dobot Magician

The Dobot Magician, shown in Figure 2, is a versatile desktop robotic arm equipped with stepper
motors, designed to perform tasks such as pick-and-place operations [27]. Its working principle combines
mechanical motion control, sensors, and software programming. The robotic arm features four joints (axes):
base rotation, shoulder, elbow, and wrist rotation. Each joint is powered by a stepper motor that precisely
controls its angle. By coordinating these motors, the arm can move its end effector (tool) to any position
within its working envelope. Table 3 presents the working range and maximum speed of each joint of the
Dobot Magician robotic arm. The robot features four main joints: base rotation (J1), shoulder rotation (J>),
elbow rotation (J3), and wrist rotation (Js).

Figure 2. Rotation axes of each joint of the Dobot Magician robotic arm

Table 3. Area and speed of the Dobot Magician working

Axis Range Maximum speed
Bbase rotation (J;) -135°to 135° 320 °/s
Shoulder rotation (J,) 0° to 85° 320 °/s
Elbow rotation (J3) -10° to 95° 320 °/s
Wrist rotation (J4) 90° to -90° 480 °/s

2.2. Process of object detection

The system shown in Figure 3 begins with step 1: input device (camera/image), where a camera or
image input device captures images of the objects to be detected and sorted. In step 2: image preprocessing,
the captured images are resized and filtered to enhance quality and reduce noise, preparing them for further
analysis. Step 3: feature extraction involves extracting key features from the objects, such as color—using
color spaces like red, green, blue (RGB) or HSV—and shape, detected through contour or edge detection
methods. In step 4: object detection, the system identifies and locates the objects present in the images.
During step 5: object classification, the detected objects are classified based on labels defined by their shape
and color, along with their image coordinates. In step 6: coordinate mapping, these image coordinates are
converted into physical coordinates within the robot’s working area (Dobot workspace coordinates). Step 7:
Dobot controller sends commands to the Dobot robotic arm to pick up the objects and move them to
designated locations. Finally, in step 8: physical sorting, the robotic arm physically places the objects into
specific bins or locations according to their classified shape or color.
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Figure 3. Block diagram of shape and color object detection using the Dobot Magician robotic arm

2.3. Methods for detecting object shape and color
Detecting object shapes and colors is a fundamental task in computer vision, with various methods
available depending on the required complexity and accuracy. This research employs traditional computer
vision techniques using OpenCV to identify the shape of an object (e.g., circle, triangle, square) and its color
(e.g., red, green, blue, yellow). The process of detecting an object’s shape and color is as:
i)  Read the image
—  Use cv2.imread() to load the image.
—  The image is read as a matrix of pixels in blue, green, red (BGR) color space.
ii)  Convert to grayscale
—  Convert the image from BGR to grayscale using cv2.cvtColor(image, cv2.COLOR_BGR2GRAY).
—  This simplifies the image by removing color information, making shape detection easier.
iii) Blur and threshold (or edge detection)
—  Use cv2.GaussianBlur() to remove noise and smooth the image.
—  Use cv2.threshold() or cv2.Canny() to create a binary image (black and white).
—  Objects become white.
—  Background becomes black.
iv) Find contours
—  Use cv2.findContours() to detect the boundaries of objects (shapes).
—  Contours are curves that connect continuous points around a shape.
v)  Detect shapes
—  Approximate the contour using cv2.approxPolyDP() to get the number of corners:
— 3 corners — triangle
— 4 corners — square (check width/height ratio)
More than 4 — circle or oval
—  Use cv2.boundingRect() to get the position and size for labeling.
vi) Detect color
—  Take the pixel values at the center of the shape (or average inside it).
—  Convert the image to HSV color space using cv2.cvtColor(image, cv2.COLOR BGR2HSYV) for
more accurate color detection.
—  Define HSV ranges for:
—  Red: H around 0 or 170-180
—  Green: H around 60
—  Blue: H around 120
—  Yellow: H around 30
—  Use cv2.inRange() to classify colors based on HSV values.
vii) Label, draw and display results
—  Use cv2.putText() to write the name of the shape and color on the image.
—  Use cv2.drawContours() to outline the shape.
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2.4. Coordinate system in method proposed

This section discusses the concepts and mathematical foundations of coordinate transformations [28]
for object pick-and-place tasks using a fixed overhead camera with a Dobot robotic arm, particularly for
sorting objects based on shape and color. The camera captures the workspace from a top-down fixed position,
identifying objects in the image using pixel coordinates. To enable the robot to interact accurately with these
objects, it is necessary to transform the pixel coordinates into real-world coordinates and subsequently into
the robot’s coordinate frame. A USB camera is mounted above the workspace to capture real-time images of
the objects. This process requires precise camera calibration and coordinate transformation methods. The
setup of the equipment is shown in Figure 4.

- -I_L‘l
'
Frule Waorld 3
Frame 4

Figure 4. Coordinate system of the experiment setup

When using the Dobot Magician to pick up an object, it is essential to transform the object's
coordinates from the camera frame to the robot’s coordinate system, enabling precise movement to the target
position. Homogeneous transformation equations are applied to convert object positions from the camera
coordinate system to the robot’s coordinate system, allowing the Dobot Magician to accurately perform
pick-and-place tasks. Generally, three coordinate frames are involved: the camera frame, the world frame,
and the robot frame. The general transformation is shown in (1).

Provot = Trovotewoird " Twortaecam * Peam (D

Where P.,,, is position of the object in camera coordinates, Ty oridecam 1S transformation matrix from
camera frame to world frame, Tyyp0t cwoirq 18 transformation from world frame to robot frame, and P,.,p; 1S
object position in robot coordinates (input for the robot). Each transformation matrix is a 4xX4 homogeneous
matrix, as shown in (2).

T = [g i] @)

Where R =3%3 rotation matrix (orientation between frames), t =3x1 translation vector (position offset
between frames).

2.5. Python code for implementation of process

Using PyDobot involves writing Python programs [29] to control the Dobot Magician robotic arm
via a serial (COM) port. It allows users to move the arm to specific positions, set movement speeds, turn the
suction cup on or off, and read the current pose of the arm. This makes it easy to automate tasks with the
Dobot without relying on the DobotStudio software. To connect Dobot Magician using a manually specified
port in PyDobot, simply pass the port name directly when creating the Dobot object:

from pydobot import Dobot
device = Dobot(port="COMS5") # Replace COMS5 with your actual port

This establishes a serial connection between your Python script and the Dobot Magician using specified port.
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3. METHODOLOGY AND MATERIAL

This section outlines the system workflow and the setup of equipment used in the experiment. The
Dobot Magician is controlled using a program written in Python and OpenCV, utilizing the PyDobot library.
The experimental procedure is carried out in the following steps:

3.1. Setting of the relation of coordinates

The first step involves calibrating the camera coordinates, the surface coordinates where the objects
are placed, and the suction head position of the Dobot to ensure they align correctly. This is done by writing a
Python program and saving it in a folder for continuous use in color and shape detection. As shown in
Figure 5, the coordinate mapping process involves identifying the camera's projected points on the surface
and moving the Dobot's suction head to those points. A total of four points is used, and the data is saved
using a method called the homography matrix.
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Figure 5. The calibrating of camera and dobot head coordinates four point

3.2. Workpiece placement

First, open the DobotStudio program. Then, arrange the workpieces—featuring all four colors and
three shapes—in the desired positions within the reachable area of the robotic arm to ensure it can operate
without errors. Figure 6 illustrates the arrangement of the workpieces. Figure 6(a) shows the placement of the
workpieces on the table surface. Figure 6(b) demonstrates how to use the DobotStudio program to position
the robotic arm over each workpiece and save the position values at those specific points. Figure 6(c) shows
how the (x, y) coordinates of each workpiece are entered into the custom-developed program.

DROP_POSITIONS = {
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Figure 6. Arrangement and localization of workpieces: (a) workpiece positions on the table surface,
(b) positioning the Dobot's suction head over each workpiece to record coordinates, and (c) entering position
data into the Python program for implementation

3.3. Program execution testing
Before starting each operation, the DobotStudio program must be opened to set the robot to its home
position. Once this is done, close the program and run the module in the Python program. The interface will
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display two sections: one for color and shape detection, and the other for start/stop button controls, along
with a table that logs the number of items sorted, as shown in Figure 7.

Figure 7. Setting up the DobotStudio program to move the robotic arm to the home position

3.4. Starting the program for pick-and-place operations

Before operating the system, the positions for placing the objects must first be defined, as illustrated
in Figure 6(a). The DobotStudio program was used to manually move the robotic arm to each predefined
object position. These coordinates were then entered into a custom-developed application. Once the setup
was complete, the start button was pressed to initiate the process. The program was designed to detect objects
based on their color and shape and includes the following key features:
—  Ability to click two points to define the pickup zone
—  Visual feedback with a green border during zone selection
—  Display of a purple border once the pickup zone is set
—  Buttons for export comma-separated values (CSV), reset count, and reset pickup area
—  Capability to save the pickup zone to a file named pickup_area.json
—  Use of a homography matrix (homography matrix.npy) to convert between pixel coordinates and robot

coordinates

—  Integration with PyDobot for controlling the Dobot in automated pick-and-place operations

4. RESULTS AND DISCUSSION
4.1. Experimental results

The dataset comprises various objects with different shapes (e.g., circles, squares, triangles) and
colors (e.g., red, green, blue). The images were collected under varying lighting conditions to enhance the
model's generalization capability. Each image includes both shape and color attributes, as shown in Figure 8.
The preliminary testing of the object shape and color detection program was carried out, as shown in Figure 9.

BB
,) .

Figure 8. Workpieces featuring 4 colors and 3 shapes
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Figure 9. Object detection by shape and color using HSV and OpenCV

Mlustrated in Figure 10 is a screenshot taken from a video demonstrating the operation of the
automatic sorting system for workpieces with three shapes and four colors. The process begins by launching
the custom-developed Python program. Next, the DobotStudio software is used to move the robotic arm to
the home position. After that, the Python program is executed. When the camera detects a workpiece with a
specific shape and color within the defined area, it draws a bounding box around the object and marks its
center point. The coordinates are then sent to the robotic arm, which moves to pick up the object and place it
in a predefined location. The system continues operating until there are no more workpieces in the designated
area or the program is manually stopped.

Figure 10. Actual movement of the Dobot Magician during object sorting

Table 4 shows the results of the Dobot Magician’s workpiece grasping test, which indicate that the
robot successfully grasped all objects in every trial. The accuracy ranged from 95.0% to 99.2%, with the red
triangle achieving the highest accuracy of 99.2%. The grasping times varied, from 11.76 seconds for the red
triangle to 15.02 seconds for the green square. Additionally, the robot’s performance remained consistent
across different shapes and colors, with pick positions varying slightly for each object.

This bar chart in Figure 11 shows the average accuracy percentages categorized by color and shape.
For each color—blue, green, red, and yellow—the average accuracy is presented for three shapes: circle,
square, and triangle. Overall, the accuracy values are very close across all groups, with most shapes
achieving above 95% accuracy. Triangles generally have the highest average accuracy within each color
group, followed closely by squares and circles. The chart suggests that accuracy is consistently high
regardless of color or shape, with only slight variations.
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Table 4. Results of Dobot Magician’s workpiece grasping test according to shape and color

Color Shape Count  Success Time (s) Accuracy (%)  Pick position
Red Square 1 Yes 14.31 97.8 (219, -155)
Blue Circle 1 Yes 14.35 96.1 (270, -127)
Green Circle 1 Yes 12.98 98.6 (273, -117)
Blue Square 1 Yes 14.35 98.2 (206, -148)
Red Circle 1 Yes 14.56 95.2 (212, -144)
Yellow  Square 1 Yes 13.71 97.4 (268, -120)
Red Triangle 1 Yes 13.39 96.5 (275, -130)
Yellow Triangle 1 Yes 13.07 95.9 (274, -132)
Green  Triangle 1 Yes 12.71 97.4 (241, -72)
Yellow Circle 1 Yes 12.04 95.7 (263, -71)
Green  Triangle 2 Yes 13.43 96.3 (290, -144)
Blue Triangle 1 Yes 12.04 97.3 (235, -98)
Blue Circle 2 Yes 12.10 97.6 (262, -73)
Red Triangle 2 Yes 13.02 99.2 (264, -144)
Red Square 2 Yes 13.95 95.6 (271, -146)
Green Square 1 Yes 15.02 98.4 (211, -157)
Green Circle 2 Yes 13.35 98.1 (209, -92)
Blue Square 2 Yes 13.29 97.1 (267, -86)
Yellow  Square 2 Yes 12.40 96.2 (266, -149)
Red Circle 2 Yes 14.32 96.8 (285, -143)
Green  Triangle 3 Yes 13.05 98.9 (225, -93)
Yellow  Circle 2 Yes 13.33 96.2 (280, -139)
Yellow Triangle 2 Yes 13.66 96.6 (237, -148)
Red Triangle 3 Yes 13.62 97.2 (158, -136)
Blue Triangle 2 Yes 12.66 97.6 (215, -160)
Red Square 3 Yes 13.04 98.3 (264, -70)
Green Circle 3 Yes 13.32 95.9 (262, -74)
Red Triangle 4 Yes 11.76 98.4 (267, -77)
Green  Triangle 4 Yes 13.03 96.1 (209, -147)
Blue Square 3 Yes 14.26 97.0 (272, -132)
Red Circle 3 Yes 13.96 95.0 (268, -125)
Blue Circle 3 Yes 14.09 96.3 (276, -136)
Yellow  Square 3 Yes 13.12 98.4 (207, -74)
Green Square 2 Yes 14.58 97.9 (270, -135)
Yellow Circle 3 Yes 13.72 95.9 (214, -133)
Blue Triangle 3 Yes 13.08 99.1 (209, -159)
Yellow  Triangle 3 Yes 12.41 96.4 (263, -72)
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Figure 11. Average accuracy by color and shape

Figure 12 shows the average time taken for each task, categorized by color and shape. The four
main colors are blue, green, red, and yellow. For each color, the average times for three shapes—circle,
square, and triangle—are displayed. Overall, squares tend to take the longest time, especially for the green
and blue colors. Triangles generally require the shortest time across most colors, except for red, where circles
take the longest time. In yellow, the average times for all three shapes are quite similar. This chart highlights
how the time taken varies depending on both shape and color.

Figure 13 shows the relationship between accuracy and time taken, with each point representing a
data set categorized by color and shape. The size of each point indicates the count, or how many times that
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data set occurs. Generally, data points with a time of less than 2 seconds tend to have higher accuracy.
Triangles mostly show high accuracy with shorter times, while squares tend to take longer and often have
lower accuracy. Larger points, indicating higher counts, are spread across longer time ranges with moderate
to lower accuracy. This suggests that taking more time does not necessarily result in better accuracy.
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Figure 12. Average time by color and shape
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Figure 13. Accuracy vs time of color, shape, and count

4.2. Discussion
One of the main advantages is more accurate color separation compared to RGB, as HSV separates
color information from brightness. This allows for more precise color detection, even under uneven lighting
conditions. The hue component specifically represents the main color (e.g., red, green, blue), making it easier
to classify objects by color. Another advantage is fast processing with OpenCV, which provides built-in
functions such as cv2.inRange (), cv2.findContours (), and cv2.approxPolyDP (). These tools enable rapid
and efficient detection of both color and shape. HSV and OpenCV also support accurate shape detection.
Basic geometric shapes like circles, squares, and triangles can be identified by analyzing object contours and
counting the number of vertices. For example, a shape with 3 vertices is classified as a triangle, 4 vertices as
a square, and a smooth, curved contour as a circle. The system is also easy to implement without the need for
Al models, making it ideal for embedded applications and real-time robotic systems, such as those using the
Dobot robotic arm. Lastly, HSV-based detection offers flexibility, as users can adjust the HSV range to adapt
to different lighting conditions. This tuning helps maintain high detection accuracy in various environments.
The accuracy of object detection using HSV and OpenCV depends on several key factors, including lighting
conditions, camera quality, HSV range settings, and the clarity of the object’s shape.
Based on typical experiments and real-world applications:

i)  Color detection (HSV)

—  Under normal lighting: accuracy ranges from 90-98%.

—  Under variable lighting or with shadows: accuracy drops to 80-90%.

—  With well-calibrated HSV ranges and controlled lighting, accuracy can reach up to 99%.

Intelligent object sorting system using Dobot magician and computer vision (Tossapol Jangnoi)
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ii)  Shape detection (contours + approxPolyDP)
—  For clear, non-overlapping shapes: accuracy is around 95-98%.
—  For distorted or unclear shapes: accuracy is approximately 85-90%.
iii) Combined color and shape detection
—  Using both color and shape filtering together significantly reduces false positives.
—  Opverall detection accuracy is typically between 92-97% when lighting is stable, and the system
uses a mid-range or better camera.

5. CONCLUSION

The object-sorting system presented in this study demonstrates an effective integration of a robotic
arm with a classification model for detecting and sorting objects based on shape and color. The system
utilizes traditional computer vision techniques, including HSV color space and OpenCV, for real-time
detection and classification. The results show that the Dobot Magician robotic arm was able to successfully
grasp objects with high accuracy (ranging from 95.0% to 99.2%) and within reasonable time limits (ranging
from 11.76 to 15.02 seconds). This highlights the system's robustness in various conditions and its ability to
handle a range of object shapes and colors efficiently. Moreover, the system's performance remains
consistent across different object categories, demonstrating the reliability of the integration between the
vision system and the robotic arm. While some variations in time and accuracy were observed depending on
the shape and color, the system’s overall efficiency makes it suitable for embedded applications and real-time
robotic tasks. Future work could focus on further improving detection accuracy under varying lighting
conditions, enhancing the shape detection algorithm to handle more complex or irregular shapes, and
optimizing the system’s performance for larger-scale sorting operations. Additionally, exploring the use of
Al-based techniques, such as deep learning models for object classification, could enhance the flexibility and
accuracy of the system, especially in more dynamic environments. Furthermore, the integration of multiple
robotic arms or a conveyor belt system could allow for more advanced sorting operations, increasing the
system’s efficiency and scalability in industrial applications. Overall, this system provides a solid foundation
for automated object sorting in industrial and commercial applications, with potential for future
improvements and expansion.
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