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1. Introduction  

Computer vision–enabled robotic manipulation is widely recognized as a foundational 

technology for intelligent manufacturing systems. Recent studies highlight its impact in areas such 

as automated e-waste disassembly [1], AI-oriented robotic architectures [2], construction robotics 

with embedded vision [3], and adaptive human–robot collaboration [4]. Within the Industry 4.0 

framework, smart factories emphasize interoperability, flexibility, and strategic technology 

integration [5]. Advanced AI modeling methods further strengthen automation capabilities [6], while 

interconnected industrial IoT infrastructures are accelerating the transition toward Industry 5.0 

ecosystems [7]. Moreover, deep transfer learning and data-centric methodologies continue to drive 

rapid progress in industrial robotics [8]. To mitigate vendor lock-in and improve system 

transparency, researchers increasingly explore open-source machine vision solutions [9] and 

advanced perception techniques for manufacturing [10]. Vision-based action recognition enhances 

robotic autonomy [11], and open-hardware platforms combined with affordable computing resources 

facilitate reproducible laboratory-scale experimentation [12]. 
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 This research presents a self-developed programming framework using Python and 

OpenCV, without manufacturer-provided software, to control a Dobot MG400 for 

automated pick-and-place tasks. The system handles mock workpieces labeled with 

QR code stickers. Custom algorithms were developed for QR code detection and 

edge-preserving image enhancement, while manual planar homography calibration 

was applied to accurately convert image-plane coordinates into real-world robot 

coordinates. An eye-in-hand camera mounted on the robot captures images and 

sends them to a computer for processing. The calculated coordinates are transmitted 

back to the robot to perform pick-and-place operations at predefined locations. 

Experimental validation included 22 cycles under varying object positions and 

lighting conditions, achieving a 100% success rate. The average QR code detection 

confidence reached 99.34% ± 0.32%, demonstrating highly consistent 

identification. The average positioning error was 0.20 ± 0.12 mm, with deviations 

between 0.057 mm and 0.397 mm, indicating sub-millimeter accuracy and strong 

repeatability. The average cycle time was approximately 6.8 seconds per operation. 

Real-time trajectory visualization enabled quantitative motion analysis. Results 

confirm the system’s reliability, precision, and scalability for modern 

manufacturing applications. 
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QR-code-based identification has emerged as a practical solution for real-time encoding and 

object recognition [13], particularly in heterogeneous sorting environments [14]. Eye-in-hand 

configurations, where cameras are mounted directly on the end-effector, enhance robustness and 

spatial consistency [15]. Accurate coordinate transformation is achieved through integrated 

kinematic and vision-based calibration strategies [16]. Reinforcement learning methods further 

contribute to adaptive control and intelligent decision-making in smart factories [17], while modular 

open-source architectures promote scalable automation frameworks [18]. Efficient trajectory 

generation and motion optimization remain critical for industrial manipulators [19], especially in 

compact and energy-aware automation platforms [20], as emphasized in recent smart manufacturing 

surveys [21]. Learning-based pick-and-place optimization has also demonstrated measurable 

performance gains [22]. Educational robotic platforms, including augmented-reality-assisted systems 

[23] and Dobot-based vision applications [24], provide accessible experimental infrastructures, 

complemented by advanced Cartesian trajectory planning [25] and deep reinforcement learning 

simulation frameworks [26]. 

Motivated by these technological advancements, this study introduces a laboratory-scale 

computer vision–guided robotic sorting system developed entirely within a university setting. The 

platform integrates a Dobot MG400 manipulator configured with an eye-in-hand camera. All 

perception modules-image acquisition, preprocessing, QR detection, decoding, and planar pose 

estimation-are implemented in Python using OpenCV and Pyzbar. Camera calibration combined with 

homography-based mapping enables transformation from image coordinates to Cartesian robot 

coordinates, allowing accurate pick-and-place of randomly distributed QR-labeled objects. 

In contrast to conventional closed-loop visual servoing approaches such as IBVS and PBVS, 

which depend on continuous visual feedback and velocity-level control, the proposed framework 

adopts a calibrated open-loop visual guidance methodology. The operational workflow includes 

image capture at a fixed observation pose, QR localization, coordinate mapping, and execution of a 

predefined Cartesian trajectory. This strategy aligns with the position-level SDK interface of the 

Dobot MG400 and reduces computational overhead while maintaining adequate precision in 

structured laboratory conditions. Beyond object localization, the system incorporates real-time 

trajectory streaming and quantitative motion analysis, evaluating velocity characteristics, 

acceleration smoothness, jerk behavior, positional deviation, and overall cycle time. Experimental 

validation within a smart manufacturing testbed confirms that a vendor-independent, fully open-

source architecture can deliver reliable and precise QR-based robotic sorting while remaining 

extensible for future AI-driven optimization. 

2. Material Setup 

2.1. Hardware Configuration 

The system consists of a computer running the Windows 10 operating system with Python and 

OpenCV installed, which acquires visual data from a USB camera via a USB interface [27]. The 

camera is mounted on the end effector of the Dobot MG400 robotic arm in conjunction with a 

vacuum gripper [28]. The vision system processes the captured images to detect workpieces and 

determine their positions for pick-and-place operations. Based on the processing results, the robot 

transfers the workpieces from the designated placement area to the assigned storage locations (Box 

1, Box 2, Box 3, or Box 4). Control commands are transmitted from the computer to an Arduino 

board to actuate a solenoid valve, which regulates compressed air from an air reservoir to enable or 

disable the vacuum gripper [29], [30] for secure object handling, as shown in Fig. 1. 

Connecting a computer to the Dobot MG400 using Python is done through a TCP/IP network 

connection [31]. The Dobot MG400 uses a fixed IP address of 192.168.1.6, while the computer must 

be configured with an IP address in the same subnet, such as 192.168.1.10 and a subnet mask of 

255.255.255.0. After connecting the Ethernet cable, the network connection can be verified by 

pinging 192.168.1.6 from the computer. In Python, the socket library is used to establish a TCP 
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connection with the robot controller [32]. The dashboard Port 29999 is used for sending system 

control and status commands. The move Port 30003 is used to send motion commands to control 

robot movement. The feedback Port 30004 provides real-time robot status and feedback data. 

Through these ports, Python programs can control and monitor the Dobot MG400 reliably over the 

network. 

 

Fig. 1. Eye-in-hand calibration setup 

2.2. Camera Calibration and Lens Distortion Compensation 

In an eye-to-hand vision system, images captured by a real camera deviate from the ideal pinhole 

camera model due to lens distortion. Therefore, prior to homography estimation, intrinsic camera 

calibration and image distortion compensation must be performed to ensure geometric accuracy. 

The ideal pinhole camera model can be expressed as in (1). 

 

𝑆 [
𝑢
𝑣
1

] = 𝐾[𝑅 𝑡] [

𝑋
𝑌
𝑍
1

] (1) 

Where 𝑆 is a scale factor, 𝑅 ∈ 𝑅3𝑥3  and 𝑡 ∈ 𝑅3𝑥1  denote the rotation matrix and translation vector, 

respectively, and 𝐾 represents the intrinsic camera matrix given in (2). 

 

𝐾 = [
𝑓𝑥 0 𝑐𝑥

0 𝑓𝑦 𝑐𝑦

0 0 1

] (2) 

Here, 𝑓𝑥 and 𝑓𝑦 denote the focal lengths in pixel units, and (𝑐𝑥,𝑐𝑦) represents the principal point. 

However, real lenses introduce radial and tangential distortions. Let in (3). 

 𝑟2 = 𝑢2 + 𝑣2 (3) 

Radial distortion is define in (4), (5) as follow. 

 𝑢𝑟 = 𝑢(1 + 𝑘1𝑟2 + 𝑘2𝑟4) (4) 

 𝑣𝑟 = 𝑣(1 + 𝑘1𝑟2 + 𝑘2𝑟4) (5) 

Tangential distortion is define in (6), (7) as follow. 

 𝑢𝑑 = 𝑢𝑟 + 2𝑝1𝑢𝑣 + 𝑝2(𝑟2 + 2𝑢2) (6) 
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 𝑣𝑑 = 𝑣𝑟 + 𝑝1(𝑟2 + 2𝑢2) + 2𝑝2𝑢𝑣 (7) 

Where 𝑘1, 𝑘2  are the radial distortion coefficients, and 𝑝1, 𝑝2 are the tangential distortion 

coefficients. Before estimating the homography matrix, all captured images are undistorted to obtain 

corrected image coordinates (𝑢, 𝑣). These corrected coordinates are then used to establish 

correspondences with the robot workspace coordinates (𝑋, 𝑌)  for homography computation. This 

preprocessing step ensures that the planar projective transformation assumption is better satisfied 

and significantly improves positioning accuracy, particularly near the image boundaries where 

distortion effects are more pronounced.  

Eye-in-hand calibration aims to determine the rigid transformation between a camera mounted 

on a robot end-effector and the robot tool coordinate frame [33]-[35].  This calibration is essential for 

vision-guided manipulation, where visual information must be accurately mapped to robot motions. 

The relationship between the robot motion and the camera motion [36] is commonly formulated 

using the eye-in-hand calibration as in (8). 

 𝐴𝑖𝑋 = 𝑋𝐵𝑖 (8) 

Where  𝐴𝑖  represents the relative motion of the robot end-effector, 𝐵𝑖 represents the corresponding 

motion of the camera, and 𝑋 is the unknown transformation between the camera and the end-effector. 

Each transformation is expressed as a homogeneous transformation matrix [37] as in (9). 

 𝑇 = [
𝑅 𝑡
0 1

] (9) 

Where  𝑅 denoting the rotation matrix and 𝑡 is the translation vector. By collecting multiple motion 

pairs, optimization or closed-form methods are applied to estimate 𝑋. Accurate eye-in-hand 

calibration significantly improves precision, robustness, and repeatability in robotic vision 

applications.  Fig. 2 shows an eye-in-hand calibration setup, where a camera attached to the robot 

end-effector observes a calibration target to estimate the transformation between the camera and tool 

frames [38]. 

 

Fig. 2. Eye-in-hand calibration setup 
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2.3. QR Code Configuration for Robotic Picking Systems 

The use of QR codes on products enhances the efficiency and accuracy of robotic picking 

systems in manufacturing environments [39], [40]. QR codes store essential information, such as 

product identifiers, location data, and handling instructions, enabling automated identification. When 

integrated with machine vision systems, robots can accurately scan and decode QR codes to perform 

precise pick-and-place operations. QR code generation and detection are implemented using tools 

such as the Python QR Code library, Zint, ZXing, and OpenCV, and are applied to the Dobot MG400 

robotic arm for system control and vision processing. This approach reduces human error, increases 

picking speed, and supports automation in smart manufacturing systems [41]-[43]. 

3. Methodology 

This experimental procedure kicks off with a critical calibration phase, aligning the eye-in-hand 

camera mounted on the robot's arm with both the workspace and the specific QR-coded workpieces. 

Once the spatial parameters are established through this calibration, the system transitions to fully 

autonomous sorting operations [44]-[46]. This involves the robot dynamically identifying and 

picking items scattered across the surface, then precisely transporting them to their designated drop-

off zones based on the decoded information. 

3.1. Homography-Based Transformation Between Image and Robot Coordinates  

In this study, a homography-based transformation [47] is employed to establish the relationship 

between image coordinates and the corresponding coordinates in the robot workspace. The image 

coordinates are defined in the pixel domain as(𝑢, 𝑣), while the MG400 robot coordinates are defined 

in the world coordinate system as (𝑋, 𝑌) [48]-[50]. The Z-coordinate of the robot is assumed to be 

constant and is therefore not involved in the homography transformation. Consequently, the mapping 

between the image plane and the robot workspace can be expressed using a projective transformation 

(homography) [51], as shown in (10). 

 
[
𝑋
𝑌
1

] = 𝐻 [
𝑢
𝑣
1

] (10) 

Where H is the 3×3 homography matrix defined as in (11). 

 

𝐻 = [

ℎ11 ℎ12 ℎ13

ℎ21 ℎ22 ℎ23

ℎ31 ℎ32 1
] (11) 

From this formulation, the relationships between the image coordinates (𝑢, 𝑣) and the robot 

coordinates (𝑋, 𝑌)  can be written explicitly as in (12), and (13). 

 
𝑋 =

ℎ11𝑢 + ℎ12𝑣 + ℎ13

ℎ31𝑢 + ℎ22𝑣 + 1
 (12) 

 
𝑌 =

ℎ21𝑢 + ℎ22𝑣 + ℎ23

ℎ31𝑢 + ℎ22𝑣 + 1
 (13) 

By rearranging these equations, two linear equations are obtained for each corresponding point 

as in (14), and (15). 

 𝑢ℎ11 + 𝑣ℎ12 + ℎ13 − 𝑋𝑢ℎ31 − 𝑋𝑣ℎ32 = 𝑋 (14) 

 𝑢ℎ21 + 𝑣ℎ22 + ℎ23 − 𝑌𝑢ℎ31 − 𝑌𝑣ℎ32 = 𝑌 (15) 
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The unknown parameters of the homography matrix are in (16). 

 ℎ11, ℎ12, ℎ13, ℎ21, ℎ22, ℎ23, ℎ31, ℎ32 (16) 

Fig. 3 illustrates a specialized procedure for hand-assisted calibration of a homography-based 

robotic system. The figure shows a robotic arm or positioning device being manually calibrated using 

a human hand. The operator guides the robot’s end-effector to touch specific reference points marked 

on a sheet of paper. These known reference points are used to establish correspondences between the 

robot’s coordinate system and the camera (image) coordinate system. By touching multiple reference 

points, the system can compute a homography transformation, which maps positions from the 2D 

image plane to the robot’s physical workspace. This manual, hand-guided calibration process 

improves system accuracy prior to automated operation, ensuring that the robot can precisely move 

to target locations detected by the vision system. In summary, the figure demonstrates a hand-assisted 

homography calibration method, which is commonly employed in vision-guided robotics and 

experimental robotic setups. 

 

Fig. 3. Manual homography calibration at four points 

Table 1 records four strategic calibration points linking the (𝑢, 𝑣) pixel domain to the MG400’s 

physical workspace coordinates. These empirical pairs establish the geometric foundation for the 

homography matrix, effectively bridging the gap between digital vision and robotic motion [52]. 

Utilizing these specific data points ensures the spatial precision necessary for reliable, autonomous 

pick-and-place operations [53]-[55]. 

Table 1.  Coordinate mapping for homography calibration 

Point (𝒖, 𝒗) Pixel (𝑿, 𝒀) Robot (mm) 

1 (241, 581) (250.6219, 117.6952) 

2 (206, 148) (358.6468, 134.9675) 

3 (778, 206) (356.9252, -10.6901) 

4 (778, 585) (260.3982, -18.2163) 

 

To valid these parameters, multiple pairs of corresponding points between the image and robot 

coordinate systems are used. For example, at Point 1, the image coordinates are (𝑢, 𝑣) = (241, 581), 
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and the corresponding robot coordinates are (𝑋, 𝑌) = (250.6219, 117.6952). Substituting these values 

as in (17) and (18). 

 241ℎ11 + 581ℎ12 + ℎ13 − 250.6219(241ℎ31 − 581ℎ32) = 250.6219 (17) 

 241ℎ21 + 581ℎ22 + ℎ23 − 117.6952(241ℎ31 − 581ℎ32 = 117.6952 (18) 

The same procedure is applied to the remaining calibration points (Points 2 to 4). With four 

point correspondences, a total of eight linear equations are obtained, which can be expressed in 

matrix form as in (19). 

 𝐴ℎ = 𝑏 (19) 

Where  ℎ is the vector of the unknown homography parameters. The system is solved using the least 

squares method [56] as in (20). 

 ℎ = (𝐴𝑇𝐴)−1𝐴𝑇𝑏 (20) 

After computation using a numerical program, the resulting homography matrix is obtained as 

in (21). 

 
[
𝑋
𝑌
1

] = [
0.0135 −0.2496 391.0283

−0.2512 −0.0195 188.9269
0.0000 0.0000 1.00000

] [
𝑢
𝑣
1

] (21) 

This homography matrix provides the fundamental transformation equation for converting 

image coordinates into robot workspace coordinates, enabling the MG400 robot to accurately move 

based on visual information obtained from the camera. 

3.2. Mathematical Modeling Equations of Control System 

The intelligence of the system arises from mathematical modeling and deterministic algorithms, 

not from data-driven learning models. 

1. Planar Homography Transformation 

The most critical mathematical part of your project is the mapping between the image plane 

(pixels) and the robot plane (millimeters). This is a Projective Transformation. The relationship is 

defined by the matrix 𝐻 in (22). 

 

[
𝑥𝑟𝑜𝑏𝑜𝑡 ∙ 𝜔
𝑦𝑟𝑜𝑏𝑜𝑡 ∙ 𝜔

𝜔
] = [

ℎ11 ℎ12 ℎ13

ℎ21 ℎ22 ℎ23

ℎ31 ℎ32 1
] [

𝑢𝑝𝑖𝑥𝑒𝑙

𝑣𝑝𝑖𝑥𝑒𝑙

1
] (22) 

Where (𝑢𝑝𝑖𝑥𝑒𝑙, 𝑣𝑝𝑖𝑥𝑒𝑙) are the coordinates of a point in the image (in pixels), (𝑥𝑟𝑜𝑏𝑜𝑡, 𝑦𝑟𝑜𝑏𝑜𝑡) are the 

coordinates of the corresponding point in the robot or world coordinate system, matrix 𝐻 (3×3) is the 

homography matrix that defines the geometric transformation between two planes [57] (e.g., the 

image plane and the ground plane), and 𝜔  is a scale factor introduced by the use of homogeneous 

coordinates [58], [59]. The implementation code then uses cv2.findHomography() to solve for the 

eight degrees of freedom in matrix 𝐻 using the four points clicked during calibration. 

2. Centroid Geometry (Feature Localization) 

To accurately determine the robot’s pick location, the system computes the centroid of the 

detected QR code polygon. If the QR code vertices are denoted as are  𝑃1, 𝑃2, 𝑃3, 𝑃4,  the centroid 

coordinates (𝐶𝑥 , 𝐶𝑦) are calculated [60] as shown in (23). 

 𝐶𝑥 =
1

𝑛
∑ 𝑥𝑖

𝑛
𝑖=0  , 𝐶𝑦 =

1

𝑛
∑ 𝑦𝑖

𝑛
𝑖=0  (23) 
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This provides a single coordinate point (𝑢, 𝑣) to pass into the homography equation. 

3. Image Enhancement (Domain Transform Filtering) 

It is a fundamental concept used in computer vision and medical image analysis, particularly for 

tasks like interactive image segmentation. In camera enhance_frame, the cv2.detailEnhance function 

applies an edge-preserving filter. It relies on the Domain Transform (derived from the Geodesic 

distance) [61] in (24). 

 
𝐷(𝑥, 𝑦) = ∫ √1 + 𝜎𝑠

2 ∙ ‖∇𝐼‖2

Ω

𝑑𝑡 (24) 

Where 𝐷(𝑥, 𝑦) is the geodesic distance between two points  𝑥 and 𝑦,  Ω  is the path or curve 

connecting the two points, ∇𝐼  is the Image Gradient. It measures the rate of change in intensity 

(brightness/color). Large values typically represent edges or boundaries in the image, ‖∇𝐼‖2 is the 

squared magnitude of the gradient, 𝜎2 is a scaling parameter (weight) that controls how much the 

image content (the edges) influences the distance calculation, and 𝑑𝑡 is the infinitesimal step along 

the path. This increases the Signal-to-Noise Ratio (SNR) for the pyzbar decoder, allowing it to read 

QR codes even in poor lighting or with slight motion blur [62]. 

4. Euclidean Distance for Duplicate Prevention 

The code uses a logic to avoid re-processing the same QR code if it moves slightly. This is 

implicitly handled by your qr_unique_id: f” {data}_{cx//20}{cy//20}”. Mathematically, this is a 

Grid-based Quantization (a form of spatial hashing) in (25). 

 𝐶𝑒𝑙𝑙(𝑥, 𝑦) = (|
𝑥

𝛿
| , |

𝑦

𝛿
|) (25) 

Where 𝛿 = 20 pixels. If a QR stays within the same 20 x20 pixel block, the AI treats it as the same 

object. 

5. Movement Kinematics (Linear Interpolation) 

When we call move.MovL, the robot controller executes a Linear Interpolation (LERP) [63] in 

Cartesian space to ensure the end-effector travels in a straight line in (26). 

 𝑃(𝑡) = (1 − 𝑡)𝑃𝑠𝑡𝑎𝑟𝑡 + 𝑡𝑃𝑒𝑛𝑑  for   𝑡 𝜖 [0,1] (26) 

The speed_factor adjusts the derivative  
𝑑𝑃

𝑑𝑡
, controlling the velocity profile (usually a trapezoidal 

or S-curve profile) to prevent mechanical vibration during "Pick" and "Drop" phases. 

3.3. Select and Define of QR Code Stricker and Workpieces 

This process begins with the selection and definition of unique QR code stickers assigned to 

each individual workpiece. Four distinct identifiers, ranging from EMC_RMUTI1 to 

EMC_RMUTI4, are generated to ensure precise tracking of each item. These labels function as 

digital signatures, enabling the camera system to recognize and differentiate components in real time. 

By integrating these QR codes, the system can automatically associate physical workpieces with their 

corresponding records in the central database. This structured identification approach significantly 

enhances the accuracy and reliability of automated monitoring and quality control processes, as 

illustrated in Fig. 4. 

3.4. Program System Architecture  

The system starts with a Tkinter-based user interface [64] that allows the user to send commands 

to different subsystems. The vision engine captures camera input using OpenCV and processes pixel 

data from the environment. This visual data can be enhanced using vision based filters and decoded 

for QR codes. The processed pixel coordinates are then passed to the transformation module, where 
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a homography matrix is applied to convert pixel coordinates into real-world robot coordinates. The 

resulting robot coordinates are forwarded to the motion control system. Motion control uses the 

Dobot API [65] to calculate movement commands such as position and speed. These commands are 

sent to an Arduino, which handles low-level on/off control and provides real-time position feedback. 

Throughout operation, the system continuously feeds positional data back for monitoring and 

adjustment. Finally, the data analytics and reporting modules export results to Excel, plot robot paths, 

and visualize performance trends, as shown in Fig. 5. 

    

 
“EMC_RMUTI1” “EMC_RMUTI2” “EMC_RMUTI3” “EMC_RMUTI4” 

Fig. 4. Definition and assignment of unique QR code identifiers for workpieces 

 

Fig. 5. Workflow diagram of the Dobot robotic system integrated with image processing (structural design by 

the researcher, and diagram arrangement using high-level image processing tools) 

3.5. Computer Enhanced Robotic Pick-and-Place System 

The system begins with an initialization phase, during which global variables are set, 

communication is established with the Dobot and Arduino, and the robot returns to its home position 

while launching specialized threads for feedback, task execution, and vision. The core logic relies on 

the camera thread, which captures live frames, utilizes the PyZbar library to detect QR codes. Once 

a code is identified, the system calculates its center, prevents duplicate detections, and maps pixel 

data to real-world coordinates using a homography matrix [66]. These coordinates are then sent to 

the worker thread, which manages the execution logic by popping tasks from a queue to perform 

precise pick-and-place movements-descending to pick an item with an Arduino-controlled gripper 

and moving it to a designated drop zone based on the QR label. Finally, the process is supported by 

calibration logic to ensure spatial accuracy and an analytics and visualization component that exports 

performance logs to Excel and generates movement path plots using Matplotlib for post-operation 

analysis. The algorithmic process is as follows: 

1. Initialization Phase 

a. Step 1.1: Initialize global variables (coordinates, path buffers, and state flags). 
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b. Step 1.2: Establish communication with the Dobot Robot (Dashboard, Move, and Feed 

ports) and the Arduino (for the gripper/suction control). 

c. Step 1.3: Move the robot to the predefined HOME_POSE. 

d. Step 1.4: Launch background threads: 

• Feedback Thread: Constantly updates the robot's real-time position. 

• Worker Thread: Monitors the task queue and executes physical movements. 

• Camera Thread: Handles the live video stream. 

2. Vision & Detection Logic (Camera Thread) 

a. Step 2.1: Capture live frames from the camera. 

b. Step 2.2: If a Region of Interest (ROI) is defined, crop the frame to that area. 

c. Step 2.3: Apply Filter enhancement (detailEnhance) to improve QR code readability. 

d. Step 2.4: Scan for QR codes using the PyZbar library. 

e. Step 2.5: For every detected QR: 

• Calculate the center pixel (x,y). 

• Generate a unique_id to prevent duplicate picking of the same object. 

• If Auto Mode is ON and the robot is idle, convert pixels to robot coordinates using 

the Homography Matrix. 

• Add the coordinates and QR data to the Task Queue. 

3. Execution Logic (Worker Thread) 

a. Step 3.1: Check if the task_queue has pending items. 

b. Step 3.2: Pop the first task (Pick coordinates + QR label). 

c. Step 3.3: Picking Phase: 

• Move linearly to a "Lift" position above the object. 

• Descend to the fixed_Z depth. 

• Trigger ArduinoOn() to activate the vacuum gripper. 

d. Step 3.4: Dropping Phase: 

• Lift the object and move to the specific Drop Zone associated with the QR text. 

• Lower the arm and trigger ArduinoOff() to release the object. 

e. Step 3.5: Return to Home and log the operation data (timestamp, accuracy, and path). 

4. Calibration Logic (Homography) 

a. Step 4.1: Manual Calibration: The user clicks 4 points on the camera view while the robot 

is physically at those 4 corresponding locations. 

b. Step 4.2: Use cv2.findHomography to create a transformation matrix H that maps image 

pixels to real-world millimeters. 

5. Analytics & Visualization 

a. Data Export: Save log_data (containing confidence levels and coordinates) into an Excel 

file using Pandas. 

b. Path Analysis: Use Matplotlib to plot: 
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• Red Lines: Movement toward the pick point. 

• Green Lines: Movement toward the drop zone. 

• Markers: Specific points where items were picked or placed. 

4. Results and Discussion 

This section presents the experimental results and performance analysis of the automated robotic 

pick-and-place system that integrates machine vision and artificial intelligence. The system is 

implemented using a Dobot MG400 robotic arm combined with an eye-in-hand vision configuration 

and a homography-based coordinate transformation approach, under the hardware and software setup 

described in the materials setup and methodology sections. The experiments were designed to 

evaluate the accuracy of camera calibration, the precision of image-to-robot coordinate mapping, and 

the system’s capability to reliably detect QR codes and autonomously perform pick-and-place 

operations to predefined target locations. 

4.1. Experiment Homography Calibration 

Fig. 6 shows the robot camera calibration and coordinate mapping process, including calibration 

parameters and reference points used to convert image coordinates into real-world robot coordinates. 

The interface displays the workspace, where the blue polygon marks the calibrated working area. 

Red points and real-time X, Y, and Z values indicate active vision–robot communication. 

 

Fig. 6. Recording four-point coordinates into the program 

The graph in Fig. 7 shows a 3D robot trajectory plotted in X, Y, and Z coordinates, measured in 

millimeters. The blue line represents the path the robot follows through space, forming a pyramidal-

like structure with curved transitions. The green marker indicates the starting position of the robot, 

while the red marker shows the ending position at a higher Z value. Overall, the trajectory 

demonstrates smooth motion with multiple directional changes in three-dimensional space. 

4.2. Experiment on QR-Labeled Object Sorting 

The robotic arm system, as illustrated in Fig. 8, employs an automated pick-and-place 

mechanism to sort QR-labeled objects. Initially, the system detects and localizes individual objects 

on the workspace using predefined vision parameters. The robotic arm then grasps each object with 

a vacuum gripper while maintaining positional accuracy and operational stability. Based on the 

object classification obtained from QR code identification, the control system determines the 

appropriate destination container. The robotic arm subsequently transfers and releases the object into 

the corresponding colored bin. This process is continuously repeated, demonstrating efficient and 

systematic operation suitable for both industrial and educational automation applications. 
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Fig. 7. 3D trajectory of the vacuum gripper based on homography coordinates from four points programmed 

into the system 

    

    

Fig. 8. Pick-and-place experiment using QR-code-labeled objects 

The image in Fig. 9 illustrates a desktop-based computer vision system interface integrating a 

live camera feed, control panels, and a system log. The interface demonstrates successful QR code 

detection, where identified targets are enclosed within bounding boxes and labeled accordingly. The 

detected objects are processed in real time, with corresponding coordinate data and system status 

messages displayed in the console window. 
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Fig. 9. Recording the coordinates of four points in the program 

This graph in Fig. 10 illustrates the robot operation path analysis, where the X and Y axes 

represent movement coordinates in millimeters. The red points indicate pick locations that the robot 

must visit to collect items, while the green points represent drop locations for placing the items. The 

blue star marks the robot’s current position at the start of the operation. The red dashed lines show 

the robot’s travel path from its current position to the pick locations, and the green lines indicate the 

path from the pick locations to the drop locations. The black line represents the overall movement 

path of the robot during the operation cycle. 

 

Fig. 10. Motion planning visualization for robotic arm 

Table 2 presents the experimental results from 22 QR-based sorting trials, including the pick 

coordinates (Pick_X, Pick_Y) and drop coordinates (Drop_X, Drop_Y) executed by the robot in each 

cycle. 
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Table 2.  Experimental results of controlled pick-and-place positioning using QR code data 

QR_Data Pick_X Pick_Y Drop_X Drop_Y Success rate 
Position 

Error (mm) 

Average 

cycle time (s) 
EMC_RMUTI4 320.80905 48.797192 265 -140 98.82% 0.135 6.6 
EMC_RMUTI2 301.10419 -5.5735254 350 200 99.62% 0.066 6.8 

EMC_RMUTI4 333.91476 74.623108 265 -140 98.99% 0.387 6.8 

EMC_RMUTI3 307.83258 16.891714 350 -140 98.97% 0.157 6.7 
EMC_RMUTI3 339.39273 80.334747 350 -140 99.31% 0.121 6.6 

EMC_RMUTI4 316.91284 79.115891 265 -140 99.73% 0.277 6.5 

EMC_RMUTI2 308.06329 21.433868 350 200 99.06% 0.271 6.8 
EMC_RMUTI4 283.88672 28.090902 265 -140 99.45% 0.057 6.9 

EMC_RMUTI3 278.39078 28.155251 350 -140 99.87% 0.284 6.8 

EMC_RMUTI1 285.98825 42.266323 250 200 99.15% 0.397 6.8 
EMC_RMUTI1 335.94107 39.862103 250 200 98.9% 0.22 6.9 

EMC_RMUTI1 295.71359 32.034012 250 200 99.46% 0.351 6.9 

EMC_RMUTI3 289.62506 32.547077 350 -140 99.07% 0.264 6.7 

EMC_RMUTI2 306.55307 29.374174 350 200 99.36% 0.205 6.8 

EMC_RMUTI2 277.42767 81.714325 350 200 99.32% 0.101 6.6 

EMC_RMUTI1 341.73788 21.40826 250 200 99.46% 0.093 6.7 
EMC_RMUTI3 339.44785 15.635478 350 -140 99.02% 0.239 6.9 

EMC_RMUTI4 331.09744 15.545965 265 -140 99.87% 0.068 6.8 

EMC_RMUTI1 290.67285 63.827541 250 200 99.81% 0.062 6.7 
EMC_RMUTI2 302.40631 63.414291 350 200 99.5% 0.106 6.7 

EMC_RMUTI4 322.97308 82.297142 265 -140 99.65% 0.275 6.8 

EMC_RMUTI4 254.8979 -45.840065 265 -140 99.25% 0.123 6.8 

 

This study presents a vision-guided robotic pick-and-place system using an eye-in-hand camera 

and homography-based coordinate transformation. Unlike conventional industrial vision systems that 

depend on expensive fixed cameras, controlled lighting, or deep learning models such as CNN or 

YOLO, the proposed approach relies on a standard camera with classical image processing and QR 

decoding. Although deep learning techniques can handle complex recognition tasks, they typically 

require large datasets, higher computational power, and longer training time. In contrast, the QR-

based method is lightweight, accurate, and easier to deploy in structured industrial environments. 

Lighting variations often affect QR readability due to brightness changes, reflections, and 

shadows. However, the implemented edge-preserving enhancement and real-time preprocessing 

maintained a high detection rate (98.82%–99.87%) under varying illumination. Experimental results 

showed an average Euclidean positioning error of about 0.2 ± 0.12 mm, with errors ranging from 

0.057 mm to 0.397 mm, demonstrating sub-millimeter precision. The average cycle time was 

approximately 6.8 seconds per operation.  Overall, the system offers a cost-effective, accurate, and 

reliable solution for QR-based automated sorting without the complexity of advanced industrial 

vision setups. 

5. Conclusion 

This study describes the development and validation of a compact laboratory robotic pick-and-

place platform guided by computer vision. The system employs an eye-in-hand arrangement 

combined with homography-based coordinate mapping to enable precise object manipulation. The 

architecture integrates a Dobot MG400, a standard USB camera, and fully open-source software 

tools-including Python, OpenCV, and Pyzbar-resulting in a vendor-neutral and reproducible 

framework appropriate for Industry 4.0 experimentation and smart manufacturing education. 

In contrast to conventional closed-loop visual servoing methods such as IBVS and PBVS, which 

depend on continuous visual feedback and velocity-level control, the proposed approach utilizes a 

calibrated open-loop guidance scheme. Through intrinsic camera calibration, lens distortion 

correction, and planar homography transformation, image-plane coordinates are reliably converted 

into robot Cartesian coordinates while keeping computational demands relatively low. To address 

illumination variability, edge-preserving filtering and tailored preprocessing techniques were applied 

to stabilize QR detection performance. Unlike industrial vision setups that require tightly controlled 
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lighting conditions, or deep learning–based detection systems that rely on extensive datasets and high 

processing power, this framework provides a transparent, economical, and practically deployable 

alternative for structured environments. 

The findings demonstrate that a homography-driven, open-source eye-in-hand robotic system 

can deliver consistent accuracy and operational stability in QR-guided sorting tasks, while preserving 

flexibility for future integration of AI-based optimization and intelligent manufacturing 

enhancements. 
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