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Abstract 

We explore the use of the open‐source library Stable Baselines3 to implement reinforce-
ment learning via deep neural networks for controlling a manipulator of grasping moving ob-
jects along a conveyor belt. Unlike static object grasping, this task requires accounting for dy-
namic factors, significantly complicating the process. We provide a detailed description of the 
physical-kinematic modeling of the manipulator in PyBullet .and the integration of both the 
manipulator’s and the moving objects’ parameters into the neural network for training. The 
results of this study demonstrate that the decision-making capabilities and autonomous be-
havior provided by reinforcement learning algorithms can be successfully applied to complex 
tasks, such as dynamic object grasping.  
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1. Introduction 
The utilization of robotic manipulators for grasping objects on industrial conveyor lines 

has been instrumental in advancing automation in transportation and logistics for decades. 
Automating these processes enhances productivity, reduces costs, and minimizes human in-
tervention in continuous production settings.  

With recent advancements in artificial intelligence, researchers are actively applying neu-
ral networks to robotic and industrial automation tasks [1]. One particularly challenging 
problem is grasping moving objects, which requires high precision, adaptability, and rapid 
response. Solving this problem is crucial for optimizing modern production processes and in-
creasing efficiency. 

Neural network-based robot control offers several advantages over traditional methods, 
including learning from data, adaptability to new conditions, and handling complex and dy-
namic scenarios. For instance, Pane et al. [2] demonstrated that reinforcement learning algo-
rithms can effectively enhance the accuracy of manipulators by stabilizing various trajecto-
ries. 

Traditional control methods for manipulators, such as PID controllers and rigid algorithm-
based approaches, often lack the flexibility and efficiency necessary for handling moving ob-
jects. Sekkat et al. [3] showed that deep learning-based algorithms, particularly DDPG com-
bined with YOLO-based positioning, improve manipulator performance in grasping tasks. 
Furthermore, Wang et al. [4] explored reinforcement learning techniques for mobile manipu-
lators using onboard sensors, integrating deep learning algorithms with visual perception.  

Tian et al. [5] introduced a digital twin-based approach for trajectory planning, which was 
successfully applied in dynamic object collection, such as fruit picking. Their method demon-
strated significant accuracy improvements over traditional techniques. 
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Naresh Marturi et al. [6] proposed a method that utilizes an inverse kinematics (IK) solver 
combined with task space error to select the optimal grasping trajectory for moving objects in 
real time. However, this approach relies on multiple fixed-position cameras, an RGB-D cam-
era mounted on the gripper, and a manually designed error function. 

Iretiayo Akinola et al. [7] introduced a method that depends on a pre-generated graspable 
database (containing approximately 5,000 grasp candidates) and an RNN-based neural net-
work model to predict object motion trajectories for grasping. 

In this study, we propose a method that leverages the open‐source Stable Baselines3 and 

PyBullet libraries to develop an accessible and reproducible algorithm for the grasping of 
moving objects by a manipulator. The presented approach enables the development of an ac-
cessible and reproducible algorithm for manipulator grasping of moving objects. Our primary 
research goal is to leverage neural networks to improve a manipulator’s ability to grasp ob-
jects moving along a conveyor belt, ensuring greater accuracy and stability even under dy-
namic conditions. The key contributions of this study include: 

 We employ reinforcement learning algorithms for autonomous manipulator control, 
thereby eliminating the need for manually programmed trajectories. 

 We demonstrate the capability to grasp moving objects, a task significantly more chal-
lenging than static object grasping 

 We conduct a quantitative analysis of various reinforcement learning algorithms, with 
Proximal Policy Optimization (PPO) achieving the best results. 

 We achieve a 100% success rate in 1,000 random tests after 800 training episodes. 

2. Manipulator Modeling and Problem Statement  
The system under study is a 7-degree-of-freedom (7DOF) Franka Emika Panda manipula-

tor (see Figure 1). The geometric center of the fixed support, which connects the manipula-
tor’s base to the table, coincides with the origin of the coordinate system used for modeling. 
This configuration simplifies both trajectory calculation and motion control. 

 

 
Fig. 1. Franka Emika Panda manipulator [8] 

 
Each of the manipulator’s seven joints has a specific range of rotation, ensuring high flexi-

bility in task execution. The gripper of the manipulator can open up to a maximum width of 8 
cm. The process control strategy employs a stepwise approach, in which the current joint po-
sitions determine minimal angular changes in the subsequent step, thereby ensuring smooth 
motion and minimal errors during complex manipulations 

2.1 Problem Definition  

The task involves a cylindrical object (diameter = 0.04 m, height = 0.17 m) that moves uni-
formly on a conveyor belt at a speed of approximately 3–5 meters per minute. The manipula-



tor is required to grasp the target within the specified area P (0.7 m × 0.3 m) and within a 
time window of T = 14 seconds, while ensuring no contact is made with either the object or 
the conveyor belt. 

2.2 Manipulator Modeling 

PyBullet is a popular open-source physics engine that includes built-in models of various 
modern robots, manipulators, and other devices. It also supports loading models in formats 
such as URDF (Unified Robot Description Format), SDF (Simulation Description Format), 
and MJCF (MuJoCo XML Format). The engine is designed to simplify the transition from 
basic to realistic modeling, thereby facilitating convenient simulations of kinematics, optics, 
collision detection, and other processes. PyBullet is suitable for a wide range of robotic mod-
eling and machine learning tasks. 

In PyBullet, the simulation environment and target object are modeled (see Figure 2), 
where the arrow indicates the direction of the target's movement. 

 

 
Fig. 2. Simulation environment of the task in PyBullet 

3. Methodology  
To address the aforementioned challenges, we first determine the position of the moving 

object using RGB-D camera data while simultaneously evaluating the impact of image pro-
cessing latency on measurement accuracy. Subsequently, we develop a reinforcement learn-
ing pipeline for robotic arm grasping. 

3.1 Target Position Calculation 

A mask is created by distinguishing between the foreground and background on the con-
veyor belt. A segmentation network is utilized to extract the pixel coordinates (u, v) of the tar-
get along with its corresponding depth value, d. The intrinsic parameters of the camera are 
encapsulated in the matrix K, defined as follows: 
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Where: 
 𝑓𝑥, 𝑓𝑦 — focal length of the camera (in pixels), calculated based on the known field of view an-

gle (FOV); 
𝐶𝑥, 𝐶𝑦 — position of the camera’s optical center (typically the image center). 



The transformation of pixel coordinates (u, v) into camera coordinates P_cam: (𝑥_𝑐𝑎𝑚, 
𝑦_𝑐𝑎𝑚, 𝑧_𝑐𝑎𝑚) is as follows: 
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Where: 
where d represents the depth acquired from the RGB-D camera. The normalized depth value 
d_true is denormalized as follows: 
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Where: 
𝑧𝑛𝑒𝑎𝑟— known parameter, the minimum visible distance for the camera.; 
𝑧𝑓𝑎𝑟— known parameter, the maximum visible distance for the camera; 

𝑑𝑖𝑚𝑔— known parameter, the normalized depth value. 

Next, the extrinsic parameter matrix E is introduced, which transforms points from the 
camera coordinate system to the world coordinate system. It is defined as: 
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Where: 
t: Translation vector (known parameter), representing the camera’s position in the world co-
ordinate system, and R is the rotation matrix describing the orientation of the camera coordi-
nate system relative to the world coordinate system. 
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Where: 

Forward = 
𝑓𝑜𝑐𝑢𝑠_𝑝𝑜𝑠  − 𝑐𝑎𝑚𝑒𝑟𝑎_𝑝𝑜𝑠

‖𝑓𝑜𝑐𝑢𝑠_𝑝𝑜𝑠  − 𝑐𝑎𝑚𝑒𝑟𝑎_𝑝𝑜𝑠‖
, 𝑓𝑜𝑐𝑢𝑠_𝑝𝑜𝑠 , 𝑐𝑎𝑚𝑒𝑟𝑎_𝑝𝑜𝑠 - coordinates of the camera’s fo-

cus position and camera position. 

Right =  
𝑓𝑜𝑤𝑎𝑟𝑑  × 𝑐𝑎𝑚𝑒𝑟𝑎_𝑝𝑜𝑠

‖𝑓𝑜𝑐𝑢𝑠_𝑝𝑜𝑠  × 𝑐𝑎𝑚𝑒𝑟𝑎_𝑝𝑜𝑠‖
, rightward direction of the camera’s orientation toward the 

focus point. 
Up: The upward direction is computed as   𝑅𝑖𝑔ℎ𝑡  × 𝐹𝑜𝑤𝑎𝑟𝑑 

Finally, points in the camera coordinate system are transformed into the world coordinate 
system using the extrinsic parameter matrix. 𝑃_𝑤𝑜𝑟𝑙𝑑 =  [𝑥_𝑤, 𝑦_𝑤, 𝑧_𝑤, 1] using the extrinsic 
parameter matrix and data from RGB-D: 
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The entire process—from image acquisition to the completion of all calculations—requires 
approximately 50 ms on a standard computer (CPU: Intel Core i7-11800H, GPU: NVIDIA 
RTX 3060), and errors due to computational delays: 

5 m/min * 50 ms 
0,00416 4

60 * 1000
m mm 

 
Note that computational delays introduce errors, which increase with the instantaneous 

speed of the moving object. For instance, if an object moves at 4 m/s, the positional error may 
exceed 20 cm. Consequently, both our research and related studies focus on lower speeds 
(approximately 3–5 m/min). Given that the target objects measure about 4 cm in size, the re-
sulting error remains within acceptable limits for successful capture.  



3.2 The Process of Training Neural Network 

Training a robot to successfully grasp a moving object is a challenging task. Initially, the 
robot’s actions are largely random—it may attempt to grasp too early, too late, or even cause 
collisions and other unintended outcomes. During training, every attempt is carefully ob-
served, and the system provides targeted feedback via a reward function. For instance, if the 
robot reaches too early, the feedback might be: “This time you reached too early; next time, 
try to get a little closer.” This process embodies the core principle of reinforcement learning, 
whereby continuous trial-and-error, combined with systematic feedback, enables the robotic 
arm to refine its actions for more efficient grasping of moving objects. 

The core components of the reinforcement learning environment include: 
Agent (Robot): The manipulator interacting with the environment. 
Environment: The simulation setup (implemented in PyBullet as detailed in Section 2). 
State: Defined by the observation space. 
Action: Defined by the action space. 
Reward: A feedback function guiding the learning process. 
In our task, the observation space S is represented by a 13-dimensional vector, capturing 

both the manipulator’s joint angles and additional sensory inputs.: 

1 2 3 4 5 6 7 , , , ,[ , , , , , , , , ]t x y z x y zS gripper target       
 

Similarly, the action space A is defined as a 7-dimensional vector corresponding to the ma-
nipulator’s degrees of freedom. Here, the components θ in S denote the current joint angles, 
while Δθ in A represent the incremental adjustments to be applied.: 

1 2 3 4 5 6 7[ , , , , , , ]tA          
These dimensions correspond to the manipulator’s degrees of freedom and sensory inputs 

(𝜃 in S are the current joint angles of the robotic manipulator, and ∆𝜃 in A mean the next time 
to move). 

The training of the neural network involves the following stages: 
Step 1. Parameter Initialization: The manipulator is moved to its initial position, and the 

object is introduced at a random location within the workspace. 
Step 2. Observation and Action: The current state 𝑆𝑡, is fed as input to the network, which 

then outputs the adjustment 𝐴𝑡for the joint angles. 
Step 3. State Update: After executing the action, the new state 𝑆𝑡+1 is recorded as the object 

moves along the conveyor belt. 
Step 4. Reward: The network receives a reward 𝑅𝑡 for successfully completing the grasping 

task, or a penalty if it deviates from the target. The reward components include: 
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𝑅𝑒𝑤𝑎𝑟𝑑𝑐𝑜𝑙𝑙𝑖𝑠𝑖𝑜𝑛 — A penalty for collisions, guiding the manipulator to avoid impacts; 
𝑅𝑒𝑤𝑎𝑟𝑑𝑗𝑢𝑑_𝑠𝑢𝑐𝑐𝑒𝑠𝑠  — An additional reward for task completion; 

𝑅𝑒𝑤𝑎𝑟𝑑𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒 — A reward that encourages the gripper to approach the target; 
𝑅𝑒𝑤𝑎𝑟𝑑𝑡𝑖𝑚𝑒_𝑙𝑒𝑓𝑡  — A reward based on the remaining time after task completion, promoting 

faster execution. 
Step 5. Parameter adjustment: Network parameters are updated to minimize error. 
Step 6. Repeat Steps 1–5 until convergence. 
The task is deemed successful if the manipulator’s grasping action locates the object within 

an error margin of 2 cm and no safety constraints are violated (e.g., no collisions with the 
conveyor). In our implementation, various reinforcement learning algorithms provided by the 
Stable Baselines3 library were evaluated—such as DDPG (Deep Deterministic Policy Gradi-



ent) [9], TD3 (Twin Delayed Deep Deterministic Policy Gradient) [10], SAC (Soft Actor-
Critic) [11], and PPO (Proximal Policy Optimization) [12]. Each algorithm offers distinct ad-
vantages for continuous control tasks:  

DDPG: Utilizes deterministic policy gradients for smooth control. 
TD3: Enhances DDPG by mitigating overestimation errors via twin delayed updates. 
SAC: Incorporates an entropy term to foster exploration.  
PPO: Employs a clipped objective function to maintain stable learning. 
Due to space limitations, a detailed discussion is omitted; readers are referred to [9]–[12] 

for further details. 
The system operation diagram is shown in Figure 3. 

 

 
Fig. 3. Scheme of operation of the robot control system in the simulation environment 

 

3.3 Integrated Learning Environment 

Based on the aforementioned process, we have established a deep reinforcement learning 
framework to perform the task. However, it is essential to integrate the physical modeling 
with the task dynamics into a unified learning environment that can be seamlessly processed 
by the algorithms. Gymnasium is an open-source framework designed to standardize and in-
tegrate various reinforcement learning environments. We modified the Gymnasium frame-
work to integrate both the physical modeling and the learning process into a single environ-
ment (see Fig. 2). Further details about Gymnasium can be found in [13]. 

4. Results and discussion  
We conducted experiments over 800 episodes on a general-purpose computer powered by 

an Intel Core i7-11800H CPU. Each episode consists of 30 million time steps. To evaluate the 
proposed neural network-based manipulator control method, we implemented and tested 
four popular reinforcement learning algorithms—DDPG, TD3, SAC, and PPO. 

 

 
Fig. 4. Success rate of different algorithms for iterations 



As illustrated in Figure 4, the following observations can be made: 
PPO achieves a high success rate, with the range of episodes reaching 100% success wid-

ening as training time increases. 
SAC and TD3 exhibit moderate performance, maintaining a success rate of approximately 

50%. 
DDPG performs the worst, with success rates remaining below 10%.  
Figure 5 illustrates the performance of the various algorithms under random testing condi-

tions. 
 

 
Fig. 5. Results of different algorithms in random test 

 
Real-time recordings of the experiments are available for viewing or download at: 

https://disk.yandex.ru/i/cXR4msWAKiwj0w. 
We summarize the results for different algorithms in Table 1. The higher the average re-

ward, the faster the capture task is completed and the better the overall performance. Analyz-
ing the data from Table 1, we can conclude that the PPO algorithm shows better results in 
terms of training time and task completion success compared to other algorithms. 
Table 1 — Comparison of performance of different algorithms 

Algorithms 

Reference indicators 
Neural 

network 
inference 
speed(ms) 

Average 
time steps 

Success 
rate in 

1000 times 
(%) 

Average 
Reward Rt 

Time of 
training 
(hhmm) 

DDPG <2 213.8 3.1 660.5 9h15m 
TD3 <2 164.1 36.3 1188.6 8h51m 
SAC <2 269.1 68.1 1397.2 9h21m 
PPO <2 120.5 100 2239.9 3h39m 

5. Conclusion  
This article presents an approach that employs neural networks and reinforcement learn-

ing—implemented using the open-source library Stable Baselines3—to address the challenge 
of a manipulator capturing objects moving uniformly on a conveyor bel. In our study, the tar-
get objects were abstracted as cylinders, and the method was validated using a virtual physi-
cal simulation platform, thereby confirming its applicability and effectiveness. We employed 
several popular reinforcement learning algorithms, including PPO, DDPG, SAC, and TD3, 
and provided a detailed description of the steps necessary to solve this task using open-source 
neural network models. The results obtained in this study provide a solid foundation for fur-
ther research and offer a valuable starting point for other researchers interested in similar 



tasks. Future research directions may include investigating the use of mobile robots for cap-
turing moving targets. 
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