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Abstract: The increasing adoption of industrial automation has accelerated the demand for intelligent robotic systems capable of 

performing complex tasks with minimal human intervention. Autonomous sorting is a critical robotic application in manufacturing, 

logistics, warehousing, and recycling industries, where robots must identify, classify, and organize objects in dynamic and uncertain 

environments. Traditional rule-based robotic systems often exhibit limited adaptability when confronted with changing object 

characteristics or environmental conditions. Deep Reinforcement Learning (DRL), which integrates reinforcement learning with 

deep neural networks, has emerged as a powerful approach for enabling robots to learn optimal decision-making policies through 

continuous interaction with their environment. This paper presents a comprehensive review of the application of DRL in autonomous 

robotic sorting systems. The study examines key DRL algorithms, including Deep Q-Network (DQN), Deep Deterministic Policy 

Gradient (DDPG), Proximal Policy Optimization (PPO), and Actor-Critic methods, and evaluates their effectiveness in robotic 

manipulation, grasping, and sorting tasks. A comparative analysis of recent research is conducted to assess algorithm performance, 

adaptability, computational requirements, and applicability to real-world industrial environments. The review also discusses current 

challenges, including sample inefficiency, computational complexity, safety concerns, and the simulation-to-reality gap. The findings 

indicate that DRL-based robotic sorting systems outperform traditional rule-based approaches in terms of adaptability, autonomous 

decision-making, and operational flexibility. Furthermore, recent advances in simulation environments, transfer learning, and policy 

optimization have improved the feasibility of deploying DRL solutions in industrial applications. The paper concludes by identifying 

future research directions aimed at enhancing training efficiency, real-world reliability, and large-scale deployment of intelligent 

robotic sorting systems. 
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1) Introduction  

The rapid advancement of artificial intelligence and robotics has transformed modern industrial automation. Robotic systems are 

increasingly being used in manufacturing plants, warehouses, recycling facilities, and logistics centers to perform repetitive tasks 

with high accuracy and efficiency. Among these tasks, object sorting is one of the most important operations, as it involves 

identifying, classifying, and placing objects into their appropriate categories.  

Traditional robotic sorting systems typically rely on predefined rules and programmed instructions. While these approaches perform 

well in controlled environments, they often struggle when faced with dynamic conditions, unknown objects, or changing operational 

requirements. As industrial environments become more complex, there is a growing need for intelligent robotic systems that can 

adapt and learn from experience.  

Deep Reinforcement Learning (DRL) has emerged as a powerful machine learning approach that combines reinforcement learning 

with deep neural networks. Through continuous interaction with the environment, DRL enables robots to learn optimal decision-

making strategies using rewards and penalties rather than relying solely on manually designed rules. This capability makes DRL 

particularly suitable for autonomous sorting tasks, where robots must continuously adapt to varying object types, positions, and 

environmental conditions.  

Recent studies have demonstrated the successful application of DRL in robotic manipulation, grasping, pick-and-place operations, 

and multi-step object sorting tasks. These developments indicate that DRL has the potential to significantly improve the flexibility, 

adaptability, and efficiency of robotic sorting systems in industrial settings (Han et al., 2023; Liu et al., 2021). 

1.1 Research Gap 

Although Deep Reinforcement Learning has achieved significant success in robotic manipulation, grasping, navigation, and 

autonomous control, relatively limited attention has been devoted specifically to autonomous sorting applications in industrial 

environments. Existing studies often focus on individual manipulation tasks or simulated robotic benchmarks without providing a 

comprehensive evaluation of how DRL algorithms perform in real-world sorting scenarios. Furthermore, challenges related to 

training efficiency, computational cost, safety during exploration, and the transfer of learned policies from simulation to physical 

robotic systems remain insufficiently addressed. 
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Consequently, there is a need for a focused review that synthesizes recent advances in DRL-based autonomous sorting systems, 

compares commonly used algorithms, identifies existing limitations, and highlights future research opportunities. This study aims 

to address this gap by providing a comprehensive analysis of current developments in autonomous robotic sorting using Deep 

Reinforcement Learning. 

 

2) Objectives  

The main objective of this research is to examine the role of Deep Reinforcement  

Learning in enabling autonomous sorting within robotic systems.  

The specific objectives are:  

1. To explain the fundamental concepts of Deep Reinforcement Learning and robotic sorting systems.  

2. To investigate how DRL algorithms are applied in robotic manipulation and object sorting tasks.  

3. To review recent studies and developments related to autonomous robotic sorting.  

4. To identify the advantages and limitations of DRL-based robotic sorting systems.  

5. To discuss future opportunities and challenges in applying DRL to industrial automation. 

3) Problem Statement  

Object sorting is a critical task in many industrial and logistics environments. Conventional robotic sorting systems often depend on 

fixed rules, predefined object characteristics, and manually programmed behaviors. Such systems may experience performance 

limitations when operating in dynamic environments that contain varying object shapes, sizes, positions, or unexpected conditions.  

As production systems become more flexible and customized, robots are required to make intelligent decisions without constant 

human supervision. Traditional approaches frequently lack the adaptability needed to handle these challenges efficiently. 

Consequently, there is a need for advanced learning-based techniques that allow robots to learn from experience and continuously 

improve their performance.  

Deep Reinforcement Learning offers a promising solution by enabling robots to autonomously learn optimal sorting strategies 

through interaction with their environment. However, despite the significant progress achieved in recent years, challenges such as 

training efficiency, computational complexity, safety, and real-world deployment remain important research concerns. Therefore, it 

is necessary to investigate the effectiveness of DRL for autonomous sorting applications and evaluate its potential benefits and 

limitations in robotic systems. Previous studies have shown promising results, but challenges related to computational requirements, 

training efficiency, and real-world deployment still require further investigation (Liu et al., 2021; Tang et al., 2025).  

4) Literature Review 

Deep Reinforcement Learning (DRL) has become one of the most influential approaches for enabling autonomous decision-

making in robotic systems. By integrating reinforcement learning with deep neural networks, DRL allows robots to learn optimal 

policies directly from environmental interactions, reducing dependence on manually designed control rules. This capability has 

attracted significant attention in robotic manipulation, grasping, navigation, and autonomous sorting applications. 

DRL algorithms used in robotics can generally be classified into three categories: value-based methods, policy-based methods, and 

actor-critic methods. Value-based algorithms such as Deep Q-Network (DQN) estimate the expected reward of actions and are 

suitable for discrete decision-making problems. Policy-based approaches directly optimize action-selection policies and are 

effective in complex environments. Actor-Critic methods combine the strengths of both approaches and have demonstrated strong 

performance in continuous robotic control tasks. 

Han et al. (2023) conducted a comprehensive survey of DRL algorithms for robotic manipulation and reported that PPO, DQN, 

and Actor-Critic methods significantly improve robotic adaptability and task performance. Their findings showed that DRL-based 

systems can effectively learn manipulation strategies without requiring explicit programming of every possible action. 

Liu et al. (2021) reviewed DRL applications in robotic manipulation control and highlighted the ability of deep neural networks to 

handle high-dimensional sensory inputs and complex control problems. The authors concluded that DRL provides substantial 

advantages in learning robotic skills but identified sample inefficiency and generalization as major challenges. 
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Bao et al. (2022) proposed a model-free DRL framework for multi-step object sorting tasks. Their approach enabled robotic arms 

to autonomously learn sorting strategies through trial-and-error interactions with the environment. Experimental results 

demonstrated improved flexibility and adaptability compared with conventional rule-based control methods. 

Gu et al. (2017) introduced asynchronous off-policy reinforcement learning techniques for robotic manipulation, demonstrating 

that robots can efficiently learn complex motor skills while reducing training time. Similarly, Quillen et al. (2018) evaluated 

several off-policy DRL algorithms for robotic grasping and found that deep reinforcement learning can achieve robust object-

handling performance using visual sensory inputs. 

Recent research has also explored real-world industrial applications. Jermann et al. (2024) investigated reinforcement learning 

techniques for coordinating multiple robotic arms in waste-sorting facilities. Their findings indicated that DRL-based coordination 

strategies improved sorting efficiency and reduced operational bottlenecks in dynamic environments. 

Tang et al. (2025) surveyed real-world DRL deployments in robotics and concluded that reinforcement learning has matured from 

a primarily simulation-based technology into a practical solution for industrial automation. Nevertheless, the authors emphasized 

persistent challenges related to computational requirements, safety, data efficiency, and simulation-to-reality transfer. 

Table 1. Comparative Analysis of Selected Studies on Deep Reinforcement Learning for Robotic Applications 

Study Algorithm/Approach Application Key Findings Limitations 

Gu et al. 

(2017) 

Off-Policy DRL Robotic 

Manipulation 

Faster learning and improved 

motor control 

High computational 

requirements 

Quillen et al. 

(2018) 

Off-Policy DRL Robotic Grasping Effective vision-based grasping 

performance 

Simulation dependence 

Liu et al. 

(2021) 

DRL Frameworks Manipulation 

Control 

Improved handling of high-

dimensional control tasks 

Sample inefficiency 

Bao et al. 

(2022) 

Model-Free DRL Multi-Step 

Sorting 

Autonomous learning of sorting 

strategies 

Limited real-world 

testing 

Han et al. 

(2023) 

PPO, DQN, Actor-

Critic 

Robotic 

Manipulation 

Enhanced adaptability and 

decision-making 

Training complexity 

Jermann et al. 

(2024) 

Multi-Agent RL Waste Sorting Improved coordination and 

efficiency 

Scalability challenges 

Tang et al. 

(2025) 

Multiple DRL Methods Industrial 

Robotics 

Successful real-world deployment Safety and 

transferability issues 

 

Overall, the literature demonstrates that DRL provides significant advantages for autonomous robotic sorting by enabling adaptive 

decision-making, continuous learning, and improved operational flexibility. However, further research is required to address 

computational complexity, training efficiency, and reliable deployment in real-world industrial environments. 

5) Methodology  

This study employs a systematic literature review approach to investigate the application of Deep Reinforcement Learning in 

autonomous robotic sorting systems. Relevant scientific publications were collected from major academic databases, including 

IEEE Xplore, ScienceDirect, SpringerLink, ACM Digital Library, and Google Scholar. 

The literature search was conducted using combinations of the following keywords: 

• Deep Reinforcement Learning 

• Autonomous Sorting 

• Robotic Manipulation 
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• Industrial Robotics 

• Reinforcement Learning for Robotics 

• Intelligent Robotic Systems 

The inclusion criteria consisted of: 

• Peer-reviewed journal articles and conference papers. 

• Publications written in English. 

• Studies published between 2018 and 2025. 

• Research addressing reinforcement learning applications in robotic manipulation, grasping, or sorting. 

The exclusion criteria included: 

• Non-peer-reviewed publications. 

• Studies unrelated to robotic applications. 

• Duplicate publications. 

Following the selection process, the identified studies were analyzed and compared according to algorithm type, application 

domain, sorting performance, adaptability, computational requirements, and deployment feasibility. The findings were then 

synthesized to identify common trends, strengths, limitations, and future research directions in DRL-based autonomous sorting 

systems. 

   

 

6) Results  

The analysis of the reviewed studies demonstrates that Deep Reinforcement Learning significantly enhances the performance of 

autonomous robotic sorting systems. Across multiple application domains, DRL-based approaches consistently outperformed 

traditional rule-based methods in adaptability, decision-making capability, and task flexibility. 
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Among the reviewed algorithms, Deep Q-Network (DQN) showed effectiveness in environments with discrete action spaces, 

while Deep Deterministic Policy Gradient (DDPG) and Proximal Policy Optimization (PPO) exhibited superior performance in 

continuous robotic control tasks. Actor-Critic methods demonstrated a favorable balance between learning stability and 

convergence speed, making them particularly suitable for robotic manipulation and sorting applications. 

The reviewed studies revealed several common benefits of DRL-based sorting systems: 

• Improved adaptability to dynamic environments. 

• Reduced dependence on manually programmed control rules. 

• Enhanced object manipulation and grasping capabilities. 

• Increased sorting efficiency and operational flexibility. 

• Greater autonomy in decision-making processes. 

Despite these advantages, several limitations were consistently reported. Most DRL models required extensive training data and 

significant computational resources. Furthermore, many studies relied heavily on simulation environments, making real-world 

deployment challenging due to the simulation-to-reality gap. 

Table 2 summarizes the relative strengths and weaknesses of the most commonly used DRL algorithms in robotic sorting 

applications. 

 

Table 2. Comparison of Common DRL Algorithms for Autonomous Sorting 

Algorithm Strengths Weaknesses Suitability for Sorting 

DQN Simple implementation, stable learning Limited to discrete actions Moderate 

DDPG Effective for continuous control Sensitive to hyperparameters High 

PPO Stable and reliable training Higher computational cost Very High 

Actor-Critic Fast convergence and flexibility Complex architecture Very High 

A3C Parallel learning capability Resource intensive High 

 

7) Discussion  

The results suggest that Deep Reinforcement Learning offers considerable advantages for autonomous robotic sorting systems. 

Unlike traditional rule-based approaches, DRL enables robots to learn from experience and adapt to changing environments. This 

adaptability is particularly important in industrial settings where object characteristics and operational conditions may vary over 

time.  

One of the primary strengths of DRL is its ability to handle complex decisionmaking tasks using reward-based learning. By 

continuously interacting with the environment, robots can discover optimal sorting strategies without requiring extensive manual 

programming. This capability can lead to increased productivity, reduced operational costs, and improved system flexibility.  

Despite these advantages, several challenges remain. Training DRL models often requires large amounts of data and computational 

resources. Furthermore, many robotic systems are trained in simulated environments, creating a simulation-toreality gap when 

deployed in real-world applications. Safety concerns during exploration and the need for efficient training techniques also continue 

to be important research issues.  

Future research should focus on improving sample efficiency, reducing training costs, enhancing safety mechanisms, and developing 

methods that allow DRL models to transfer more effectively from simulation environments to real-world robotic systems. Similar 
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recommendations have been highlighted in recent surveys on DRL-based robotics, which emphasize the importance of bridging the 

gap between simulation and real-world applications (Tang et al., 2025; Han et al., 2023). 

8) Conclusion  

Deep Reinforcement Learning has emerged as a promising technology for autonomous sorting in robotic systems. The reviewed 

literature demonstrates that DRL enables robots to learn adaptive sorting strategies, improve decision-making capabilities, and 

operate effectively in dynamic environments. Compared to traditional rule-based systems, DRL offers greater flexibility and 

autonomy, making it highly suitable for modern industrial applications.  

Although challenges such as computational complexity, training efficiency, and real-world deployment remain, ongoing research 

continues to address these limitations. As advances in artificial intelligence and robotics continue, DRL is expected to play an 

increasingly important role in the development of intelligent and autonomous robotic sorting systems. Overall, the findings of this 

research indicate that DRL has significant potential to enhance the efficiency, accuracy, and adaptability of future robotic automation 

solutions. 
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