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Abstract


The use of reinforcement learning (RL) for dynamic obstacle avoidance (DOA) algorithms and path planning (PP) has become increasingly popular in recent years. Despite the importance of RL in this growing technological era, few studies have systematically reviewed this research concept. Therefore, this study provides a comprehensive review of the literature on dynamic reinforcement learning-based path planning and obstacle avoidance. Furthermore, this research reviews publications from the last 5 years (2018–2022) to include 34 studies to evaluate the latest trends in autonomous mobile robot development with RL. In the end, this review shed light on dynamic obstacle avoidance in reinforcement learning. Likewise, the propagation model and performance evaluation metrics and approaches that have been employed in previous research were synthesized by this study. Ultimately, this article’s major objective is to aid scholars in their understanding of the present and future applications of deep reinforcement learning for dynamic obstacle avoidance.
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1. Introduction


Despite the development of sensing and computer technology, autonomous driving systems, like mobile robots and autonomous vehicles, have received considerable academic attention and have seen an increase in commercialization. In logistics services, mobile robots are used as logistics robots, which are in charge of moving goods as well as in several other industries, including food delivery, restaurant and cafe service, informational guidance, and airport cleaning [1]. Modern intralogistics systems increasingly use autonomous mobile robots (AMRs) rather [2] than autonomously guided vehicles (AGVs). AMRs, unlike AGVs, may move in open spaces without needing extra floor markers such as painted lines/magnetic tapes, which are most frequently utilized when more flexibility is needed in jobs involving cargo movement. Even though they are free to move around, to improve the safety and efficiency of their operation, it is frequently necessary to restrict the areas in which they are allowed to move [3]. Using DRL for mobile robot indoor path planning has become a prominent trend in recent years, and it has done so with great success. However, given the context of restricted computational resources, the extensive application of DRL-based path planning to mobile robots has been severely constrained by the excessively lengthy training period. Map-free advantages, strong learning capacity, less reliance on sensor accuracy, etc. are all provided by DRL. In order to train DRL-capable robots, a 3D simulation environment with a physics engine is often needed. Physical laws in this case constrain the robot’s ability to move. Based on the interactive trial-and-error process used in its execution, training takes a lot longer. As a result, the method struggles to converge to the intended targets in complicated contexts or activities with randomly initialized network parameters. For instance, the weights and biases may worsen the DRL-enabled path planning’s performance [3]. Furthermore, most DRL frameworks constantly execute actions whenever impacts from observation states are deduced. Because those actions are frequently localized, this may restrict and limit the potential of a mobile robot to make an appropriate global judgment.



1.1. Contributions of the Manuscript


This study responds to our responsibility as scholars to develop a solid theoretical foundation for this emerging discipline. In contrast to the previous reviews, this review is a systematic literature review (SLR) of high-quality literature published between 2018 and 2022 from pre-defined resources and based on pre-defined inclusion/exclusion criteria. It focuses on dynamic obstacle avoidance and path planning through reinforcement learning. Studies were classified into different categories based on how they addressed dynamic obstacle avoidance and path design. Out of the 546 papers that were found utilizing the search approach, 34 met the requirements and were finally included. Different RL-based path planning and dynamic obstacle avoidance algorithms were evaluated based on their performance, the environment’s complexity, and the type of RL algorithm they employed. Based on how different studies addressed dynamic obstacle avoidance and path planning, several studies were developed.



The process of the research in this area is well discussed. The obstacles in this field are then discussed, and the effectiveness of the method in terms of safety, effectiveness, and scalability is compared with the type of RL algorithm employed, the propagation model used, the complexity of the environment, and those factors.



Finally, the research gaps are thoroughly examined, and recommendations for potential future study topics are provided. By giving a complete picture and highlighting the areas that require development in dynamic obstacle avoidance and reinforcement learning-based path planning, these contributions can progress this field of study. The information on dynamic obstacle avoidance and path planning needed to start this field of study’s evolution is all included in this paper.




1.2. Whats Is known


1.2.1. Application of Reinforcement Learning Algorithm in Mobile Robot Application


In recent years, RL has gained significant attention and is widely used in various domains, including robotics. RL algorithms are used to design autonomous robots that can learn and adapt to new environments and tasks. Mobile robotics refers to the design and development of robots that can move autonomously in the physical world. There are several applications for mobile robots, which are logistics and healthcare, as well as agriculture, to perform navigation, object recognition, and manipulation tasks. They are equipped with various sensors and actuators that enable them to perceive their surroundings and interact with the environment.



Mobile robots with RL algorithms have demonstrated impressive capabilities in navigating complex environments, avoiding obstacles, and performing tasks accurately.



While mobile robot applications have been adopted in most human activities, reinforcement learning algorithms have also been simultaneously utilized to solve several problems and the shortcomings/inefficiency of mobile robot applications. For example, in recent times, mobile robots have found it difficult to navigate autonomously in a dynamic environment since most traditional algorithms are only efficient in a static environment where obstacles are not moving. In such an environment, a mobile robot usually works based on mapped information on the existing obstacles. So, it becomes a major problem for the mobile robot to autonomously navigate in a dynamic environment as it is not equipped to learn to plan its path to avoid dynamic obstacles continuously. Therefore, several techniques have been employed to help mobile robots solve such problems, and reinforcement learning is one of those promising algorithms for mobile robot autonomous navigation.



RL algorithms have been applied to mobile robots, which enhance them to learn and evolve to new spaces and tasks. The RL algorithm learns by interacting with the environment, and the robot’s behaviors are modified in response to feedback from its surrounding environment. This allows the robot to draw learning from its slips to improve over time.



Learning is one of the RL algorithms that is most frequently used in mobile robotics. Mobile robots use the well-known reinforcement learning algorithm Q-learning [4] to discover the best strategies for performing a variety of tasks, including navigation, obstacle avoidance, and object tracking. The goal of Q-learning is to teach the robot the optimum course of action to adopt in a given situation [5]. This method can learn the best policy regardless of the behavior policy (off-policy) and is model-free (it learns the best policy without a model of the environment).



By choosing actions that would maximize the projected future rewards, the robot learns to navigate its environment. The most effective action is the one that, out of all the potential actions, has the highest Q value [6]. Q-learning is therefore a value-based approach. To determine the best course of action, the agent uses the greatest expected Q values during the learning process [7].



Q-learning [8] blends temporal difference (TD) learning with theories like the Bellman equations and the Markov decision process (MDP). Agents can learn how to behave best in regulated Markovian domains. One-step Q-learning, which is its form, is what Equation (1) defines.




Q (s, a) = (1 − α)Q(s, a) + α(r + γ max(Q(s’, ∀a’)))



(1)





Q(s, a) estimates the action value following the application of an action in state s, where r is the immediate reward received, γ is the discount factor, and α is the learning rate [9]. The following are the primary components of Q-learning [5]:




	
Agent: the learner who is equipped with a collection of sensors and actuators to interact with the environment;



	
Environment: the world around an agent or everything that interacts with it;



	
Policy: a mapping between the set of seen states, S, and the set of actions, A;



	
The reward function, which maps state–action pairs to a scalar value;



	
Q value: the total payment that an agent might anticipate accumulating over time, starting from that state.








Learning functions by incrementally increasing its assessments of the effectiveness of activities at specific stages [7]. Similar to Sutton’s approach of temporal differences, learning involves an agent trying an action at a specific state and evaluating the results in terms of the immediate reward or penalty it receives as well as its estimation of the worth of the state from which it was taken. Then, it discovers which actions—as determined by long-term discounted reward—are generally the best by repeatedly attempting all states and actions [10]. A series of unique stages or incidents make up the agent’s experience. The agent in the nth episode [11]



	
Notices its current state st;



	
Chooses and takes action at;



	
Monitors the subsequent state st + 1;



	
Receives a payout right away rt.






Then, in accordance with [9], the agent modifies its Q values using a learning rate α Please take note that Qm×n(st, at) is assumed to be represented by a look-up table in this explanation.



Learning and performance characteristics are the two core components of a learning agent [12]. What kind of performance element is utilized, which functional component is to be taught, how that functional component is represented, and the type of feedback available all influence the design of a learning element [5].



In mobile robotics, Q-learning can be applied in various ways depending on the task. For instance, in navigation tasks [6], the robot can learn to select the optimal path to reach a target location by evaluating the expected reward of each possible action (such as moving forward or turning left/right) in each state (that is, the robot’s current location as well as the orientation).



Similarly, in obstacle avoidance tasks [11], the robot may learn to avert obstacles by evaluating the expected reward of each possible action (such as moving forward, turning, or stopping) in each state (such as the robot’s proximity to the obstacle and its orientation). To implement Q-learning in mobile robots, one needs to define a suitable state representation that captures relevant information about the robot’s environment and a set of possible actions the robot can take [12]. The Q value is then updated based on the rewards obtained by the robot as it interacts with the environment, using the Bellman equation [12]. Another RL-based algorithm used in mobile robotics is deep reinforcement learning (DRL) [9]. DRL uses a deep neural network to approximate the Q values. DRL has been shown to be effective in complex tasks such as object recognition and manipulation [13]. Mobile robots are also trained to carry out tasks like object detection and grasping using DRL-based algorithms [14]. In recent years, deep reinforcement learning (DRL) has grown to be one of the areas of artificial intelligence that has attracted the most attention [15]. Through high-dimensional perceptual input learning, it directly regulates agents’ behavior by combining the perception of deep learning (DL) and the capacity for decision-making of reinforcement learning (RL). It offers a fresh concept for resolving robot navigation issues.



One of the main advantages of RL-based algorithms in mobile robotics is their ability to adapt to new environments and tasks [16]. The robot learns by interacting with the environment, and its behavior is adjusted depending on the feedback the environment has provided. As a result, the robot may learn new situations and activities without the need for manual programming. Mobile robots’ RL-based algorithms, however, encounter several challenges. The high-dimensional state space is one of the difficulties [17].



Mobile robots have a variety of sensors that let them sense their surroundings. The high-dimensional state space, however, makes it challenging to store and update the Q values. Deep neural networks are used by DRL-based algorithms to approximate the Q values in order to get around this problem [18]. Another challenge is the exploration–exploitation trade-off [19]. The robot must explore the environment to learn about the rewards of different actions. However, exploration can be costly in terms of time and energy. Therefore, the robot must balance exploration and exploitation to achieve optimal performance [20].




1.2.2. Description of Terms


	
Mobile Robot






Mobile Robot is a unique robot designed to move around and perform tasks in different environments without being physically fixed to one spot [4]. Instead, these robots have a mobility mechanism that enables them to move around on their own or with human control, such as wheels, tracks, or legs. Applications for mobile robots include exploration, transportation, manufacturing, and healthcare [2]. In addition, they can be programmed to carry out activities like object manipulation, delivery, surveillance, and inspection [2].



Khatib [4] discussed that mobile robots can sense and navigate their environments using various sensors, including cameras, lidars, sonars, and microphones. In addition, they use software and control algorithms to decide, plot paths, avoid obstacles, and communicate with people or other robots [9]. Furthermore, most mobile robots can learn from their surroundings and enhance their performance over time owing to artificial intelligence and machine learning [4]. These cutting-edge features make mobile robots incredibly versatile and adaptive to different tasks and environments.



	
Reinforcement Learning






Reinforcement learning (RL) [2] reveals how natural and artificial systems can learn to predict the results of their actions, optimize those actions in environments where they might result in rewards or punishments, and move them from one state or situation to another.



Akanksha et al. [12] described RL as a subset of machine learning that focuses on teaching algorithms how to maximize a reward signal to make decisions in dynamic situations. It uses a procedure in which an agent interacts with its surroundings and is given feedback through rewards or punishments for its activities [12]. As a result, the agent learns optimal decision-making through trial and error by exploring the environment and taking actions that lead to the highest possible reward [12].



RL is especially well suited for use on mobile robots. This is because RL enables mobile robots to learn from their environment and adapt to changing conditions, which is necessary for autonomous navigation and decision-making; this is confirmed by [6]. RL algorithms can also enhance the operational efficiency of mobile robots by determining the best course of action in real-time [18]. Another author [9] discussed that RL could be used for various mobile robot applications, such as autonomous navigation, object recognition and manipulation, and task execution.



Complete independence from human labeling is the key advantage of reinforcement learning [2]. Furthermore, reinforcement learning is a promising strategy for creating autonomous systems that can adapt to changing environments and learn from their own experiences because the estimation of the action-value function is self-driven by the trial-and-error interaction with the environment and takes the robot states as the input of the model [6]. However, the training process can be time-consuming and requires careful tuning of hyperparameters to achieve optimal performance.



	
Autonomous Navigation






Mobile robots have to go through a complex environment, dodge hazards, and eventually choose the optimal path. DRL has recently made some advancements in the labyrinth and indoor navigation. The A3C algorithm’s performance in maze navigation was proposed to be enhanced by employing unsupervised auxiliary tasks by Jaderberg M. The proposed algorithm increased the convergence speed, resilience, and success rate. Li presented a DQN [21] and visual serving-based path-planning technique for mobile robots. To accomplish indoor autonomous navigation, the initial environment and the target image were collected as inputs, and matching relations and control techniques were formed through training. With the use of navigation technology, the development of navigation technology is becoming increasingly important for the development of robot path-planning technology.



	
Propagation Models






Regarding mobility, topological variations, propagation, and energy limitations, mobility and propagation models in RL are exceptional [22]. Therefore, the mobility and propagation models in RL, which are also a component of the research topics in this study, must be clarified in order for this discussion to be completed. There are two types of reinforcement learning methods:




	
Positive








Positive reinforcement is defined as an occurrence as a result of a particular action. It has a favorable effect on the action taken by the agent and strengthens and repeats the behavior.



You can improve performance and maintain change for a long time with the assistance of this reinforcement. However, too much reinforcement could over-optimize the state, which might have an impact on the outcomes.



	2.

	
Negative







Negative reinforcement is the strengthening of behavior brought on by an adverse situation that ought to have been prevented or stopped. You can use it to specify the performance standard minimum. The disadvantage of this approach is that it just offers enough to satisfy the minimum behavior.






2. Materials and Methods


A systematic literature review model was considered to achieve an integrated and well-synthesized summary of previously published literature on this research phenomenon since it used secondary data/information synthesized from existing research in this domain. Similarly, its suitability was leveraged because this research method provided a comprehensive summary of the current findings related to the designed questions [23]. Instead, the Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) protocols were used, along with qualitative information from secondary data, as per the recommendations made by [24]. This helped in the collection and synthesis of data from high-quality scientific studies pertinent to the topic. This idea was consistent with the suggested study strategy from [25].



This review’s methodology was staged; the protocol formulation came first, then the inclusion and exclusion criteria, and finally a search of an electronic database for pertinent papers. Following data extraction and synthesis analysis came the screening phase, which included the abstract, title, and full text.



2.1. Protocol Development (PD)


Research Questions (RQs)


This was the first stage of the research. It defined the main research topic, which served as the basis for the article search, paper selection, data sources, search terms, inclusion and exclusion criteria, and findings section [26]. In this process, the review questions were developed. The main questions that this study attempted to answer were as follows:




	
RQ1: What are the technical background and applications of reinforcement learning?



	
RQ2: What are the principles of dynamic obstacle avoidance/path planning?



	
RQ3: What is the propagation model?



	
RQ4: What are the performance metric and evaluation methods of reinforcement learning in obstacle avoidance algorithms in a dynamic environment?



	
RQ5: What is the gap in the literature?








The questions were motivated by the following:




	
RQ1: The scientific involvement in RL;



	
RQ2: The principles of dynamic obstacle avoidance/path planning;



	
RQ3: The various propagation models used;



	
RQ4: Performance metrics and evaluation model;



	
RQ5: Research gap.










2.2. Search Strategy


Considering the domain and focus of this present study, only database queries of the WOS, IEEE Xplore, and Google Scholar were considered for publications on dynamic obstacle avoidance and AMR through reinforcement learning for the past four years (2018–2022). The query of databases was based on formulated keywords, which were developed to focus on studies that discussed dynamic obstacle avoidance, autonomous mobile robots, their contributions to society, and their effects. Various words were combined using the Boolean operator (“AND” and “OR”) based on the above scenario.



2.2.1. Search Terms or Keywords


To identify all scientific articles related to path planning and dynamic obstacle avoidance in RL, the major search terms identified for this purpose were as follows: “Autonomous Mobile Robot” and its synonyms “AMR,” “Path planning,” and “Dynamic obstacle avoidance”.



The three databases were searched using the following keywords: (“reinforcement learning”) AND (“mobile robot” OR “autonomous robots”) AND (“dynamic obstacle avoidance” OR “path planning”).




2.2.2. Resources


As mentioned, this study explored citations indexed in three databases, including WoS, IEEE Xplore, and Google Scholar, due to their significance to the research phenomenon. In addition, bibliographic data retrieved from the database search were analyzed for literature completion.



A search for the aforementioned query was conducted in the PubMed databases, and a filter was used to only provide results from 2018 to 2022. The four databases were queried to select only relevant and high-quality studies. The database search and the link are presented below in Table 1.




2.2.3. Eligibility Criteria


The criteria for the studies’ eligibility before inclusion into the synthesis analysis are presented here. Retrieved articles that met all the inclusion criteria were included in this study, while the exclusion of studies from the synthesis was based on the developed exclusion criteria. The inclusion and exclusion criteria for article selection are presented below.



Exclusion Criteria (EC):


	
EC1: All articles published in languages other than English were not considered.



	
EC2: Studies not focusing on path planning or dynamic obstacle avoidance in reinforcement learning were excluded.



	
EC3: Papers that did not discuss reinforcement learning were excluded.



	
EC4: Studies that did not provide an answer to one or more of the review questions were removed.







Inclusion Criteria (IC):


	
IC1: All publications from 2018 to 2022 were considered in the study.



	
IC2: Only articles published in English and that met other inclusion criteria were considered.



	
IC3: Studies focusing on path planning or dynamic obstacle avoidance in reinforcement learning were included.



	
IC4: Articles focusing on the review question(s) were selected.








2.2.4. Database Search Outcome


The results retrieved from the four databases are presented in Table 2. However, the database search result clearly shows that most publications on this subject matter were between 2020 and 2022. This research concept began to amass popularity among researchers in recent years.





2.3. Quality Assessment


To further enhance the quality of this review, all eligible papers were subjected to a quality assessment using the Jonnas Briggs checklist for analytical cross-sectional studies. In addition, the study appraisal was carried out to ensure the selection of only the most relevant papers for final synthesis in this survey. “Quality instruments” [27] used eight checklist criteria elaborated based on the author and are highlighted below. It is, however, very important to note that appraisals were based on “yes”, “no”, “unclear”, or “not applicable”.



Quality Checklist criteria (QCs):




	
QC1: Were inclusion criteria clearly defined (choice of a robot)?



	
QC2: Were the study subject (mobile robot) and the settings (environment) clearly defined?



	
QC3: Was the proposed model clearly defined?



	
QC4: Did the study use standard criteria and objectives to design the model?



	
QC5: Did it identify the confounding factors?



	
QC6: Were strategies for dealing with the confounding factors discussed?



	
QC7: Were the outcome measured validly and reliably?



	
QC8: Did the study use appropriate performance metrics?








The risk of bias was termed low if the study had an above 70% assessment score; below 70% but less than 50% were graded moderately low, while below 50% quality scores had a high risk of bias.




2.4. Data Extraction


After the criteria in Section 2.2.3 were processed, the findings were refined in order to extract the data from the studies selected that would address the research questions (RQs) posed in Section 2.1. When analyzing state-of-the-art articles, the following traits of the included studies were combined: identification information, publication year, country of the corresponding author, journal of publication, information corresponding to the six research questions, and main findings of the research articles were extracted using a preformed extraction form.




2.5. Data Synthesis


Depending on the type of information, the results’ information was extracted, tabulated, and/or visually plotted.





3. Results


3.1. Data Selection


After conducting a keyword search across the three databases, 546 results were collected and imported into Excel 12.0. After the reference had been organized, cleaned up, and classified, 236 duplicates had been eliminated. Then, to find studies that fit with the research objectives, the titles and abstracts of the relevant studies were screened.



Studies that did not fall inside the scope of the study and at the same time did not concentrate on RL for mobile robot path planning and obstacle avoidance were excluded. A total of 260 papers were excluded from the subsequent screening step after the title and abstract screening.



The remaining 50 acceptable studies, however, underwent full-text screening to assess each study’s research topics, approach and methodology, data analysis, result presentation, and logical conclusion. Each manuscript underwent this examination to determine whether it fit within the parameters of the present study. A total of 16 articles were omitted from this procedure for various reasons. After the full-text screening, only 34 studies were qualified for the final inclusion in the synthesis analysis as shown in Figure 1.




3.2. Quality Assessment


Using the JBI qualitative assessment tool, all 34 studies were appraised to assess the quality of the studies before the final inclusion into the systematic literature review.



Interestingly, the evidence from the quality assessment scores showed that all the included studies were quality studies with a low risk of bias. All the studies had 75% and above quality scores. Of the 34 appraised studies, only 2 had a 75% assessment score, while 52.7%, corresponding to more than half of the total included studies, had an 87.5% score instead of 100% because it was unclear whether a certain robot was used rather than presenting a solution to the mobile robot problem. The remaining studies, 15, had 100% quality scores.




3.3. Synthesized Result


34 papers were included in the final synthesis analysis after the quality of the chosen research was evaluated using the JBI checklist. The evidence in Figure 2 demonstrates that during the past five years, research on dynamic obstacle avoidance and path planning through reinforcement learning has increased with the highest number of publications in 2021. Understandably, most of the articles in 2022 may not have been fully published when retrieving the data for this research.



All the included studies applied several principles of reinforcement learning algorithms to solve the problem of mobile robot motion control, navigation, dynamic obstacle avoidance, and path planning in open or closed environments.





4. Discussion


The result of this present study is discussed under subheadings answering each of the formulated research questions.



4.1. Application of Reinforcement Learning Algorithm in the Development of Mobile Robot


The findings of this review show that several theories and algorithms of reinforcement learning have been developed, and the findings of the reviewed experimental research demonstrate the usefulness of reinforcement learning models in mobile obstacle avoidance, path planning and optimization, navigation and learning, motion control, and adaption in both known and unknown environments. The basis of this algorithm is routed in training the robot to learn from the information available in the environment. Evidence from all the review studies shows that mobile robots can successfully transit from the start point to the target point without collision using RL algorithms. RL models have been used in different mobile functions. Their applications are further explained below.



4.1.1. Path Planning, Optimization, and Obstacle Avoidance with RL


Automated mobile robots have widely been employed in the vast majority of working environments, especially in recent times where several work environments have recorded high costs of production. They have varying applications in multiple work environments, including household, agriculture, and industrial operations, for outdoor purposes while exploring resources, and wastewater transportation in the case of indoor surveillance. For the mobile robot to complete a set task, it moves from one point to another while avoiding obstacles and collisions. Path planning is one of the essential technologies of mobile robot functions in obstacle avoidance. Its importance corresponds to its ability to help the robot find the shortest possible route, free of obstacles and collisions. The mobile robot is expected to plan its path to avoid obstacles in outdoor or indoor environments. However, they often encounter problems of obstacles in the process of rotation and transition from the start point to the target endpoint in both known and unknown environments, although the problems are more complex in an unknown environment since there is little or no information available in such an environment. Hence, partial information is sensed using sensors in such an environment, whereas enough information is available for robots to learn about obstacles and plan their path in a known environment.



The reinforcement learning (RL) algorithm has been employed to solve mobile robot path planning, optimization, and obstacle avoidance problems. RL frameworks are employed to design a mobile robot, so it frequently interacts with any environment to enhance its adaptability, which, as a result, informs the robot’s decision-making. For instance, Wang et al. [28] developed a double deep Q-network (DDQN) approach of reinforcement learning coupled with prioritized experience replay (PER). This was said to provide superior success in path planning and optimization. Their RL method enabled the robot to sense local information, thus planning its path in an unknown environment [29]; the experimental model consisted of a chassis, wheels, and about three ultrasonic sensors that equipped the robot with information to avoid obstacles in an unknown environment. Huang et al. [30] similarly modified the deep Q-network (DQN) reinforcement learning theory in a reward-modified approach to achieve an obstacle-free path in a dynamic unknown environment. In their experiment, the DQN reward-modified algorithms enriched the robot to learn an optical decision in an unknown dynamic environment, modifying the abnormal reward function solved to avoid relative movement between the robot and the obstacles leading to abnormal rewards and collision. In this process, two modified reward thresholds were created, and the mobile robot successfully planned its path to avoid a collision. The authors further argued that the reward modified DQN reinforcement learning method offered the best result in mobile robot path planning and optimization of mobile robots in a dynamic unknown environment compared with other DNQ methods. Gao et al. [31] experimented on a known indoor environment. Deep reinforcement learning (DRL) was employed in their experiment to help a mobile robot plan its path in an indoor environment. To better augment the function and address the problems associated with the credibility of the DRL approach, a novel incremental training model was introduced in their experiment in both 2D and 3D environments. The standard global path planning algorithm Probabilistic Roadmap was combined with Twin Delayed Deep Deterministic policy gradients as the novel path planner in the DRL model. And the results of the experiment confirmed that this model of training mobile robots incrementally could enhance the robot’s efficiency in planning its path in an indoor environment. Lee and Jeong [32] developed an RL algorithm based on path-planning techniques for usage in a warehouse. In order to minimize information processing delays, the study demonstrated how reinforcement learning algorithms could increase mobile robot path search accuracy and decrease path search time. The authors also highlighted the usage of Q-learning and Dyna-Q-learning reinforcement learning algorithms to create a single agent and optimize its single path. However, the author described how optimizing the warehouse path in an open field may be difficult as it exists in a complex environment, as the dynamic environment changes occasionally. The author also argued that adopting the single-agent and single-path algorithm in an outdoor environment such as a warehouse was insufficient. Several other RL methods have demonstrated success in helping mobile robots avoid obstacles. Xiang et al. [33] mentioned that continuous space path planning using reinforcement learning alone was enough to help mobile robots plan the path and avoid obstacles. Compared with multiple traditional algorithms, this method showed a high success rate. Similarly, Feng et al. [34] highlighted how several deep reinforcement learning algorithms, such as Deep Q-Network and Double Deep Q-Network combined with Prioritized Experience Replay, could successfully achieve a collision-free path. These frameworks sense information from the environment to autonomously help mobile robots plan their path to avoid obstacles while performing activities. This finding was similar to that of [28], which also found RL in obstacle avoidance using the same approach.



Moreover, several studies have described how complex it is for a mobile robot to plan its path in a dynamic environment compared with a static obstacle environment where information about the environment is fed into the mobile robot, just as the traditional algorithms use obstacle maps. Huang et al. [35] suggested that an improved Q-learning algorithm in a modeled environment, a reward function, and policy adaptation helped mobile robots plan their path, avoid obstacles, and hit the target goal via the fastest possible route in a dynamic environment where no fixed information about obstacles existed. The findings were congruent with those of Choi et al. [36], who also claimed mobile robots could be trained to learn information on collision-free paths and obstacle avoidance in an environment with several non-static dynamic obstacles. Most of this RL framework often integrates a path planner into the model to help mobile robots solve the difficulties of finding their path, which they may encounter in a difficult situation, especially in a dynamic obstacle environment. Reinforcement learning, however, is essential in understanding obstacle intent in a dynamic environment. Robots sometimes may plan their path without understanding the specific purpose of the obstacle, which may reduce mobile robot path planning efficiency. Likewise, interactions between obstacles are neglected, leading to avoidable trajectories. However, studies have demonstrated the importance of reinforcement learning in understanding obstacle intent. Evidence from a recent study conducted by Xiaoxian et al. [37] affirmed through their experimental research that the mobile robot could learn collision-free policies through a deep reinforcement learning algorithm. Mobile robot obstacle interactions and obstacle-to-obstacle interactions can be properly understood using deep learning techniques of the reinforcement learning method. Meanwhile, previous scholars have suggested an angled pedestrian grid can help understand obstacle interaction in a dynamic environment. This is because it allows mobile robots to autonomously extract enough information about the dynamic environment, making them reach their goal without colliding with obstacles.



Further, non-permanent obstacle characteristics can be adapted via an attention mechanism, thus allowing joint obstacle impact on the obstacle avoidance strategies. While studies have tested the importance of the RL method in an outdoor environment, another recent study by Song et al. [38] considered a multimodal deep reinforcement learning technique in a complex indoor environment. Like other scholars, the study demonstrated DRL’s significance in learning multiple control policies using sensors. However, their reliable and robust multimodal DRL model overcame the difficulties posed by the heterogeneity of sensor modalities and the complicated indoor environment. It was further argued that the mobile robot model based on DRL had an associated high-performance rate in terms of convergence speed, average accumulated rewards, and success rate.




4.1.2. Navigation and Learning with RL


One of a mobile robot’s fundamental features is autonomous navigation. It is without a doubt essential to robotic operations. It tends to navigate in an environment with a static or dynamic obstacle to hit its target through a thorough comprehension of its navigating environment in order to move from its set point to its goal.



However, the efficiency and accuracy of the robot depend on a good perception of its environment and learning to navigate within the shortest possible time. This seems to be one of the leading problems in mobile robot development, especially with a less efficient traditional algorithm in mobile robot navigation. This traditional algorithm works based on a previous obstacle map in a navigation environment. Despite the high accuracy and short path of the algorithm, establishing the obstacle map is lengthy and, in some conditions, may not be available. Also, the accuracy of the algorithm depends on the precision of the map range. However, the emergence of the reinforcement learning algorithm has helped solve several problems that limited mobile robot navigation. RL offers a proper understanding of known and unknown environments through learning easy robot navigation without encountering obstacles. Several experimental interventions adopting different reinforcement learning algorithms have been developed and tested for their possible success in navigation. As opposed to the traditional navigation algorithm, Taghavifar et al. [39] develop and test a path-planning for nonholonomic robots that takes into account a moving/stationary obstacle avoidance approach which is achieved by integrating a chaotic metaheuristic optimization technique with a single-time velocity estimator-based reinforcement learning RL algorithm. The study further contributes by incorporating the impacts of tire sinkage into the deformable terrain on the dynamics of the robot and applying the principles of Terr mechanics to determine the ideal compensatory force/torque magnitude to support a stable and fluid motion. Through continuous interaction with the navigating environment, reinforcement learning models enable mobile robots to learn and navigate safely in any environment compared with supervised learning.



Another reinforcement learning model was tested by Chew and Kumar [40]. The experiment found that the Q-learning algorithm of the RL method successfully helped the mobile robot avoid an obstacle in a navigation environment through alternative path planning different from the prior established optimal path used in most traditional algorithms. The study posited that using reinforcement learning techniques or methods made it easy for mobile robots to navigate dynamic obstacle environments. Several scholars also intervened in the problem of autonomous learning of conventional or traditional algorithms used for mobile robot development using deep reinforcement learning (DRL). This was confirmed by Ruan et al.’s [41] experiment reviewed by this paper. Similar to [38], they used an end-to-end deep reinforcement learning algorithm to solve the problem of autonomous mobile robot navigation in an unknown environment. A combination of dueling network architecture for RL (Dueling DQN) plus DRL with double q learning (DDQN) to form a D3QN algorithm allowed the mobile robot to autonomously learn about the environment in a gradual process while transiting and learning to navigate its path to the target goal with an RGB-D camera in the environment. Like previous authors, the study also demonstrated that adopting the RL model in mobile robot development allowed the robot to reach its goal without colliding with obstacles. To address the problems that are instances of local stable points, an improved black-hole potential field and reinforcement learning can be employed [42]. In a reinforcement learning algorithm, the environment is the black-hole potential field. Agents automatically adjust to their surroundings and learn to use the most basic environmental data to locate targets.



Also, in creating an end-to-end model, a mobile robot navigated a mapless environment using a critical soft actor of the deep learning algorithm. In Ref. [40], compared with the traditional approach, the simulation could help mobile robots autonomously navigate to accomplish their task based on end-to-end autonomous navigation learning. Deep reinforcement learning techniques have proven their worth in terms of performance in mobile robot navigation. Equipping mobile robots with information about the environment beforehand is characteristic of traditional approaches, which become inefficient, especially in a dynamic environment and a scenario where information about the environment is unavailable. The introduction of DRL algorithms has solved this. The mobile robot now autonomously navigates in a dynamic obstacle environment without collision (Han et al. [43]).




4.1.3. Motion Control and Adaptation with RL


Reinforcement learning has also been used to solve the motion control problem in mobile robot applications. Often, point stabilization control is a major shortcoming of traditional algorithms. This is because it usually encounters several constraints, including non-linear factors, non-holonomic conditions, and under-actuated constraints, among other constraints of mobile robots. However, the identification of the control action through end-to-end training can be achieved using DRL to solve these constraints of mobile robots. Two reviewed studies confirmed RL’s importance in mobile robot motion control. For example, Gao et al. [44] utilized deep reinforcement learning to solve the motion control problem encountered by non-holonomic constrained mobile robots. To build the DRL, a point stabilization kinematic control law was used. The experiment’s result confirmed the success of RL in motion control as it effectively identified the stabilization control point of the non-holonomic mobile robot. Furthermore, Duguleana and Mogan, [45] experimented with neural network-based reinforcement learning to overcome collision encounters by mobile robots in both dynamic and static environments. Network planning and Q-learning were interestingly used to solve the path-planning problem of the mobile robot. Safe and swift navigation was achieved in a scenario with the availability of global information. The speed of the robot can be set prior to the computation of the trajectory, which provides a great advantage in time-constrained applications. Zhang et al. [46] adopted trajectories from a practical life motion planner and previously executed trajectories as feedback observations. This reinforcement algorithm model helped the mobile robot with motion adaptation behavior concerning environmental changes.





4.2. Principles of Dynamic Obstacle Avoidance and Path Planning


Several principles have been tested in developing a mobile robot capable of planning its paths and avoiding obstacles while performing the set task in a static, dynamic, or unknown environment. However, evidence from the review of 19 experiential studies on dynamic obstacle avoidance and path planning shows that all the studies rely on the principles of reinforcement learning techniques in training mobile robots to move in an obstacle- and collision-free path. However, these principles of reinforcement learning techniques rally round training the robot to learn and extract information about the obstacles in the navigating environment [47]. In addition, the reinforcement learning model has employed deep learning and continuous learning principles to allow mobile robots to plan their path in a dynamic obstacle environment [48]. This allows a mobile robot to decide on motion control autonomously and how to plan its path and avoid obstacles without being pre-informed about the environment. Likewise, it is a safe time for a self-monitored approach.



To overcome path planning issues for mobile robots, [49] conducted an experiment that focused on creating a novel, robust, RL-based algorithm using Q-learning and the Artificial Potential Field (APF) approach. Q-learning has become more widely used recently to plan the path of mobile robots. It does, however, show slow convergence to the ideal answer. The APF method improves the conventional Q-learning approach in order to get around this restriction. In this experiment, suitable paths for mobile robots in both known and new locations were calculated using a QAPF learning algorithm. The length of the path, how smooth the path was, and the learning time were all utilized to determine how effective planning was. Path planning issues were successfully resolved in offline and online modes for both known and unknowable situations by the QAPF learning algorithm. The experiment’s simulation findings demonstrated that the algorithm may accelerate learning and improve path planning in terms of path length and path smoothness. The algorithm successfully satisfied the three criteria for the path planning problem: smoothness, length, and safety. It was very dependable for mobile robot route planning since it generated better results across all test scenarios and had a stable training duration.



In order to enhance the performance of mobile robots, Quan et al. [50] presented an experimental navigation system based on DRL that integrated a recurrent neural network with DDQN. It practiced with physical robots, three-dimensional TurtleBot simulation environments, and two-dimensional simulation environments. Obstacles, prizes on the map, and discount variables were adjusted in accordance with the environment to increase the viability of the navigation system. The strategy operated well, as demonstrated by the experiments, making the outcomes of path planning more practical. Additionally, the experimental results demonstrated that the suggested algorithm increased the path length and path-finding efficiency.



As a framework to describe complex relationships and collaboration, Everett et al. [51] present deep reinforcement learning in avoiding pedestrian collisions, safe and smooth transitions. However, when the number of agents in the environment increase, they are built using fundamental presumptions about the behavior of other agents that are false. In order to efficiently avoid obstacles and arrive at a specific point, mobile robot agents were taught. To address the issue of not being able to discover a path in a particular circumstance, a path planner was combined with reinforcement learning-based obstacle avoidance.



For the differential drive wheel robot, the training policy was implemented in the robot operating system (ROS) and evaluated in both virtual and physical situations. In order to learn policies that would lessen the differences between the training and real-world driving settings, a soft actor–critic (SAC) reinforcement learning method was utilized. Driving to the goal point while maintaining forward and rotational velocity are all components of the reinforcement learning-based obstacle avoidance driving strategy. The goal of developing Mobile Robot Collision Avoidance Learning with Path (MCAL_P) was to address the issue of driving in a particular environment.



It was integrated with a path planner, and the trained policy’s input was changed with the help of lidar data, the robot’s speed, and the separation from the look-ahead point. Through simulations and actual tests, it was demonstrated that the dynamic object avoidance performance was outstanding, and the obstacle avoidance performance was excellent.



We confirmed that robots using MCAL_P can also avoid things that arise quickly at quick response rates in real-world environmental testing. We also discovered that because robots employing MCAL_P avoid one another according to the same rules, avoidance in multi-agent environments is more efficient and secure. However, several drawbacks also need to be addressed, such as the inability to drive straight, the inability to create efficient courses around static objects, and the lack of acceleration or deceleration when driving in addition to obstacle avoidance.



Deep Reinforcement learning’s application technique was explored by Niroui, et al. [52] to aid the efficiency of rescue robots in urban search and rescue in an unknown clustered environment. The two most fundamental algorithms, Q-Learning and Dyna-Q, were put to the test, and the experimental outcomes were contrasted in terms of path search times and ultimate path lengths. Although the Q-Learning algorithm was found to be quicker, it struggled to locate search paths in a challenging setting with numerous barriers. With “dynamic reward adjustment based on action to improve the results,” the MR was improved. Robots on wheels typically seek areas with high reward potential. The experiment confirmed that a straightforward method to increase path search accuracy and keep path search duration could reduce ineffective exploration.



The final path length was 71% less than the Q-learning algorithm, while the path search time was 5.5 times faster than the Dyna-Q methods. The warehouse environment in the field is significantly more complicated and constantly shifting, however. To tackle more complicated and realistic situations, a thorough analysis of the enhanced reinforcement learning algorithm is therefore required.



MDRLAT, a brand-new multimodal DRL technique, was put forth in [53] for the obstacle avoidance of mobile indoor robots. The 2D laser range discoveries and depth photos were combined using the bilinear fusion (BF) module, and the resulting multimodal representation was supplied into the D3QN to produce control commands for indoor mobile robots. The experimental outcomes demonstrated the method’s exceptional performance in terms of the average accumulated reward, convergence speed, and success rate.




4.3. Propagation Model of RL


Scholars have employed several propagation models of reinforcement learning. However, Q-network learning, continuous learning, 2D and 3D sensors, and soft actor–critics were the most adopted propagation models of reinforcement learning in obstacle avoidance and path planning algorithms [47,53,54]. Meanwhile, different improved propagation techniques of Q-network learning based on deep reinforcement learning have been the most prominent approaches adopted across different experimental studies. In general, acceptability and adoption may be traced to the ability to accurately extract information about the obstacle in a dynamic environment, which is used to create a navigation map for the robot to move in a collision-free path, as the real-world environment is heterogeneous, containing both static and dynamic environments. This propagation model, therefore, helps mobile robot algorithms consider unforeseen obstacles and dynamic objects. Ref. [54] uses the idea of partially directed Q-learning and the artificial potential field (APF) method to enhance the traditional Q-learning strategy. Because Q-learning and the APF approach are combined, the proposed QAPF learning algorithm [49] for path planning can speed up learning and improve performance overall.



A propagation model of recurrent neural network with DDQN was used in [55,56], aiming at navigation and path planning problems. In [57], the authors used a Mobile Robot Collision Avoidance Learning (MCAL) Soft Actor–Critic (SAC) based on RL. For RL as a path optimization technique, the propagation model of Q-learning and Dyna-Q algorithms was employed. A multimodal DRL with Auxiliary Task (MDRLAT) was utilized by [53] to help indoor mobile robots avoid obstacles. In [57,58], a Deep Deterministic Policy Gradient (DDPG) propagation was employed. Refs. [59,60] employed the Deep Neural Network (DNN) propagation technique to design a mobile robot’s path autonomously.




4.4. Performance Metric and Evaluation Method of RL Propagation Model in Autonomous Mobile Robot


Different ways of evaluating the performance metrics of a reinforcement learning algorithm in a mobile robot path planning and obstacle avoidance were synthesized by this review. However, the Gazebo simulation remains the most explored simulation environment. It represents a virtual environment that permits the training of the mobile robot using the RL techniques. However, the dimension and the nature of the training environment vary across studies, some with static obstacles and others with dynamic or complex obstacles. A mapping grip and turtle bot are often equipped in the simulated environment created with Gazebo, and the propagation model’s efficiency is evaluated [61]. The turtle bot is the experimental agent in the simulated environment, whose success rate is evaluated against the target goal in the simulated simple/complex environment. Some authors prefer to use a test map [49] that evaluates the success rate of the proposed model in a 3D simulated virtual environment [50]. Different types of sensors are applied in each model in the test environment. Other notable means are 2D range sensors [53], kinetic sensors, and simple test scenarios. However, the performance of the RL algorithm, a reward function value, a punishment value, a state space, or a Q value are evaluated, and finally, the accumulated reward value is considered [54,59]. The reward function is essential in reinforcement algorithms, especially in training RL results [55]. The RL model is considered good if its reward value is evaluated as a positive reward value [56]. And for this to occur, the distance between the goal position and the mobile robot agent is less than a set value, making it effectively complete the target navigation [57]. However, when the minimum distance between the mobile robot and dynamic obstacles is less than a safe distance, like a point where collision is possible, the mobile robot agents oftentimes are punished by allocating a penalty value like a negative reward value [58]. To this end, an accumulated reward is calculated. In a negative reward function scenario, the training episode is ended. In this way, the RL model success rate is evaluated.




4.5. Research Gap in Reinforcement Learning Application in Mobile Robot Obstacle Avoidance


Environmental complexity remains the major issue in mobile robot obstacle avoidance. Most research on reinforcement learning algorithms sometimes fails in a dead zone, such as a complex experimental environment, perhaps due to some inappropriate reward condition. This, however, makes it difficult for the robot to search the solution space; consequently, learning along the path of the wall and escaping the dead zone becomes difficult. Creating appropriate reward functions in the dynamic environment remains the main gap in research. However, the review of the included studies also shows that while authors are trying to help mobile robots plan their path and avoid obstacles in dynamic and static environments using the RL algorithm, little is known about the interaction of multiple mobile robots within a single static or dynamic environment. Few or no studies have demonstrated how multiple mobile robots can co-exist within a single environment, carrying out different tasks without clashing with one another while still avoiding obstacles. There is also the issue of robot cooperation, and more issues will need to be resolved. Hence, there is a need for more studies to investigate multiple-robot cooperation using the RL algorithm in a different environment. Another important gap considered by this current study is that most review studies on this phenomenon of obstacle avoidance use virtual and simulated robots and test environments. In contrast, few studies investigated the efficacy of the RL algorithm in a real environment. The autonomous navigation of a robot in dynamic surroundings could still use a predictive navigation framework that can forecast the robot’s long- and short-term trajectories. However, this could enhance the robot’s capacity for learning.





5. Conclusions


This systematic review has provided a comprehensive understanding of path planning and obstacle avoidance using different techniques of the reinforcement learning algorithm. The review of nineteen experimental studies in this sphere affirmed the significance of reinforcement learning techniques in solving the challenges of mobile robot obstacle avoidance and path planning in a dynamic environment, which most traditional algorithms often find difficult to navigate in a complex obstacle environment. Through its interactions with the environment, the robot’s policy is improved using the robot motion-planning approach based on DRL. Robots can develop strong automated learning and decision-making abilities by adopting this RL or DRL strategy. For unstructured contexts like partially mapped and dynamically changing surroundings, this capability is essential. Additionally, DRL techniques of RL reduce programming complexity and do away with the need for prior environmental knowledge. Likewise, RL is demonstrated to provide the robot with the ability to assess its surroundings and improve its ability to control movement, plan its path in a collision freeway, and avoid obstacles not only in a simulated environment but also in real-time to search objects and make decisions. Similar to Zhang et al.’s [62] comprehensive review and open issue on robot reinforcement learning, it is worthwhile to assert that reinforcement learning techniques promote the development of intelligent robots. Ref. [62] similarly confirmed the significance of reinforcement learning algorithms under uncertainties and how they can assume sequential decisions under such situations via end-to-end continuous and autonomous learning. In addition, the review and open issue similarly identified that a large amount of research investigations on reinforcement learning in robotic applications are still in a simulated environment and therefore may not perform well tosolve and tackle real work problems, most especially in a dynamic real-world environment. Hence, Refs. [7,62] opined that having an efficient benchmark and standard environment for a real-world environment is important to achieve an applicable system; otherwise, the feasibility of reinforcement learning algorithm generalization testing and evaluation may become difficult. The argument remains that there is a large difference between simulated environment data and real environment data, even though a simulation environment can facilitate the process of robot learning and provide a reliable evaluation of physical behavior and control. However, the cost of obtaining a real-world experience is on the high side, and real-world experience is often difficult to recreate, which explains the reason why numerous studies on mobile robots based on RL are still in the simulation stage. In spite of these, this study, in line with other comprehensive reviews, presents the state of the art in mobile robot research based on reinforcement learning. As a result, navigation and path planning for mobile robot obstacle avoidance are well underpinned by this review.
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Figure 1. PRISMA flowchart shows the screening process. 
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Figure 2. Publication trend. 
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Table 1. Searched Resources.
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	Sources
	URL





	Web of Science
	https://webofscience.com (accessed on 7 December 2022)



	Google Scholar
	https://scholar.google.com/ (accessed on 7 December 2022)



	IEEE Xplore
	https://ieeexplore.ieee.org/ (accessed on 7 December 2022)



	Science Direct
	https://sciencedirect.com/ (accessed on 7 December 2022)










 





Table 2. Database and Search Results (2018–2022) Before Inclusion/Exclusion Criteria.
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	Sources
	Before





	Web of Science
	261



	Google Scholar
	87



	IEEE Xplore
	100



	Science Direct
	98



	Total
	546
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