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ARTICLE INFO ABSTRACT
Dataset link: https:// Deep Reinforcement Learning (DRL) has gained significant adoption in diverse fields and
github.com/SafwanAlselwi/DDPG applications, mainly due to its proficiency in resolving complicated decision-making problems

in spaces with high-dimensional states and actions. Deep Deterministic Policy Gradient (DDPG)
Deep deterministic policy gradient (DDPG) is a well-known DRL algorithm that adopts an actor-critic approach, synthesizing the advantages
Deep reinforcement learning (DRL) of value-based and policy-based reinforcement learning methods. The aim of this study is to
Hyperparameter provide a thorough examination of the latest developments, patterns, obstacles, and potential
Optimization opportunities related to DDPG. A systematic search was conducted using relevant academic
databases (Scopus, Web of Science, and ScienceDirect) to identify 85 relevant studies published
in the last five years (2018-2023). We provide a comprehensive overview of the key concepts and
components of DDPG, including its formulation, implementation, and training. Then, we highlight
the various applications and domains of DDPG, including Autonomous Driving, Unmanned Aerial
Vehicles, Resource Allocation, Communications and the Internet of Things, Robotics, and Finance.
Additionally, we provide an in-depth comparison of DDPG with other DRL algorithms and
traditional RL methods, highlighting its strengths and weaknesses. We believe that this review
will be an essential resource for researchers, offering them valuable insights into the methods and
techniques utilized in the field of DRL and DDPG.

Keywords:

1. Introduction

Reinforcement Learning (RL) is an artificial intelligence domain, which focuses on making decisions through learning the optimal
behavior in environments to maximize a rewards signal [1]. In RL, an agent interacts with an environment and receives feedback
in the form of rewards, which in turn is used to update the decision-making policy [2] [3] [4]. This approach has been success-
fully applied to a wide range of applications such as game development [5], anomaly detection [6], robotics [7], and autonomous
control [8].
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To enhance the performance of RL in the situation of high-dimensional state space, the integration of DL and RL whereby Deep
Neural Network (DNN) represents the agent’s decision-making policy [9]. Such an integration, which is named Deep Reinforcement
Learning (DRL), has led to a significant advancement in the field and has enabled the progress of highly effective algorithms for
decision-making in complex environments [9,10]. Deep Deterministic Policy Gradient (DDPG) is One of the popular DRL algorithms
[11], which merges the strengths of both value-based and policy-based RL, following an actor-critic approach [12].

In DDPG, the actions are generated using the actor network, and the generated actions will be evaluated using the critic network
[11,13]. Both actor and critic networks are trained simultaneously to optimize the policy and value-based functions [14]. Thus, the
algorithm has been shown to be highly scalable, with the ability to handle problems with millions of parameters and complex non-
linear dynamics. Additionally, due to its ability to deal with high-dimensional state and action spaces and its stability and convergence
properties, DDPG has been widely used in various domains, including robotics [15], simulation-based tasks [16], energy management
[17], and control problems [18,19]. Notably, one of the critical assets of DDPG is its ability to learn deterministic policies, which are
functions that map states to specific actions [11]. Deterministic policies are desirable in many real-world applications, as they provide
more interpretable and reliable control compared to stochastic policies [20]. Another advantage of DDPG is its ability to learn from
raw sensory inputs, such as images, without needing hand-engineered features or representation learning [21]. This has enabled
the algorithm to be applied to a wide range of challenging tasks, including video games, robotic manipulation, and autonomous
navigation.

Therefore, the motivation for writing this systematic review paper is the importance of DDPG, as an emerging and powerful tool,
for decision-making in complex environments due to its ability to handle high-dimensional states and action spaces, and its stability
and convergence properties. Although it is a fact that DDPG has proven useful in a wide range of industrial applications, it still suffers
from some drawbacks, such as overestimation bias, overly sensitive parameters, and exploration versus exploitation dilemmas. This
review aims to investigate these drawbacks and conduct a comprehensive and up-to-date analysis of the available solutions in the
literature. To the best of the authors’ knowledge, this is the first systematic review about the DDPG and the main contributions can
be summarized as follows:

1. Conducting an extensive and revised study mapping process that consists of five steps (shown in Fig. 4) to write this systematic
review.

2. Summarizing the state-of-the-art in the field of DDPG, highlighting its key contributions, advantages, and limitations.

3. Providing a comprehensive overview of the various applications of DDPG, including its successes and challenges in different
domains, such as robotics, game-playing, and autonomous control.

4. Highlighting the recent advances and developments in the field of DDPG, including new algorithms and techniques that have
been proposed to address its limitations and improve its performance.

5. Providing insights into the future directions of the field, including potential new applications, improvements to the existing
algorithms, and the integration of DDPG with other machine learning techniques.

We strongly believe that the latest progress in this area serves as a strong motivation to examine and discuss current methodolo-
gies, applications, patterns, research issues, and future research directions. Therefore, we identified specific research questions (RQs)
(Sub-section 3.2) that are closely linked to the core objective, which allowed us to structure our study around a compelling central
idea.

The rest of this research work is structured as follows. Section 2 highlights the literature’s related studies. Section 3 explains
the approach utilized to perform this systematic literature review. Section 4 provides results using synthesized data from the in-
cluded research, and examines each RQs. Finally, Section 5 discusses the study’s merits and limitations and brings the research to a
conclusion.

2. Related work

DDPG is a model-free, off-policy RL algorithm that adopts an actor-critic approach to solving continuous control problems in
which the action space is continuous. Fig. 1 illustrates the DDPG structure. It was introduced in 2015 by Lillicrap et al. [22] and
builds upon the Q-learning and actor-critic algorithms. It memorizes the Q-function utilizing off-policy data point, the Bellman
equation, and then employs the Q-function to learn the policy. This method is precisely related to Q-learning and is defined similarly
as the most desirable action-value function. Then, in each given state, the best action is a * (s) refers to the optimal action-value
function that can be learned by resolving [23,22].

a*(s) = argmax Q*(s, a) (D

DDPG interrupts the learning approximator toward Q*(s, a) along with learning an approximator toward z*(s). It performs this
in a manner that is particularly well-suited for environments with continuous action spaces. However, it is common knowledge
that DDPG is well-suited for environments with continuous action spaces. It calculates the maximum over actions as max, Q*(s, a).
When dealing with a reduced number of discrete actions, finding the maximum poses no dilemma, as it can simply compute the
Q-values for each action individually and directly compare these Q-values. Thus, it instantly provides the action that maximizes
the Q-value. However, when the action space is continuous, exhaustively exploring the space and solving the optimization problem
becomes highly non-trivial [22]. Using a standard optimization method to calculate max, O*(s,a) would be prohibitively costly.
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Fig. 1. DDPG algorithm structure.

Consequently, it would be expected to run this costly function every time agents need to take action in the environment, which
is intolerable. Given that the action spaces are continuous, the function Q(s,a) is expected to be differentiable with respect to the
action argument. This enables the establishment of an efficient, gradient-based learning rule for a policy z(s). As a result, instead of
performing costly optimization functions every time, max, O(s, a) can be approximated using available information [24].

max aQ(s,a) = O(s, u(s)) (2)

Through this paper, we aim to provide a comprehensive and systematic understanding of DDPG and its variants, which could serve
as a valuable resource for researchers and practitioners in the field of RL. Hence, the upcoming subsections provide a comprehensive
overview of DDPG and its variants. Specifically, we present a detailed discussion of the Q-learning sides of DDPG (Sub-section 2.1),
which includes the actor-critic architecture, the target networks, and the experience replay mechanism. We then delve into the policy
learning sides of DDPG (Sub-section 2.2), which involves the use of the actor network to learn the optimal policy through gradient
ascent. Finally, we review some extensions and modifications of DDPG (Sub-section 2.3), such as Prioritized Experience Replay (PER)
and Twin Delayed DDPG (TD3), which have been proposed to enhance the performance and stability of the algorithm.

2.1. The Q-learning sides of DDPG
The Bellman-based formula explaining the optimal actions and value functions, Q * (s, a) is presented via the following equation:
O*(s,a) = ,EP [r(s, a) +ymaxd Q* (s', a')] 3
s/~

The notation “s’ ~ P” means that the next state, s, is generated by the environment from a probability distribution P given the
current state s and action a. The Bellman-based formula is the starting point for developing an approximate function for Q*(s, a).
Assuming that the approximator is a neural network 0%(s, a) with parameters ¢ and a set of transitions D = (s, a,r,s’,d), where d
denotes whether the state s’ is terminal, a mean-squared Bellman error (MSBE) function can be constructed to measure how well 0¢
satisfies the Bellman-based equation:

2
L(¢,D)=E|(s,a,r,s',d) ~ D] |:(Q¢(s, a)— <r+ r(1 - d)max Q¢(s',a')> } 4

Deep Q-Network (DQN) and all of its variants, as well as DDPG, are Q-learning-based algorithms for function approximators that
are primarily based on minimizing MSBE loss functions [25]. Here are two primary techniques utilized by Schulman [24] that are
worth explaining, and then a precise detail for DDPG.

First Technique: Replay Buffer. The standard algorithms utilized for training a DNN to approximate Q * (s,a) all rely on an
experiences replay buffer, which comprises a set of experiences denoted as D. To make the algorithm function reliably, the replay
buffer needs to be of sufficient size to encompass a broad range of experiences. However, retaining all experiences within the buffer
may not always be beneficial. Simply relying on the most recent data will result in overfitting and ultimately break the system, while
using too much experience may hinder the learning process. Therefore, fine-tuning may be necessary to achieve optimal balance.

Second Technique: The target value. Q-learning algorithm makes utilization of networks that are targeted. This target Network
is given as follows:

r+y(1 —d)maxa'Q¢ (s',a') 5)

This function is referred to as the target to reduce the MSBE loss, the Q-function is modeled after it. Inconveniently, the aim is
dependent on the same parameters used to train. Thus, MSBE reduction becomes unstable. The idea is to utilize a set of parameters
that approaches, although with a time delay, to respond to a second network, known as the target network, which lags behind the
first. The target network’s specifications are shown ¢,.

In DQN algorithms, the target-based network is replicated from the original network after a predetermined number of steps.
Polyak averaging is employed to modernize the target network once every main network update in DDPG-style algorithms [26].
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Fig. 2. The learning policies of the DDPG algorithm.

¢targ « p¢targ + (1 - p)¢ (6)

Where p is a hyperparameter between 0 and 1 that is often close to 1, this hyperparameter is named polyak. The DDPG Feature
calculates the MaxQv er actions in the Targets. As discussed previously, calculating the maximum over actions in the targets is a
hard task in continuous action spaces. DDPG deals with this by way of utilizing the target policy network to calculate actions that
approximately maximize Q%rg.

The target policy-based network is found to be similar to the target Q-function: it is achieved by taking a polyak average of the
policy parameters during training. Simultaneously, in DDPG, Q-learning is performed by minimizing the MSBE losses using stochastic
gradient descent, as described in the following equation:

L D)= E [(Q4(s.a)-

(s.a,r,s' . d)~D

(r trd-d)Qy, . (S/’”é‘mrg (s') )))2]

Where Hoparg is the targets policy.

@)

2.2. The policies learning sides of DDPG

Policy acquisition with DDPG is straightforward. To discover a deterministic strategy (s) that maximizes QY(s,a). Assuming the
Q-functions are differentiable regarding action and that the actions, and spaces are continuous, gradient ascent concerning policy
parameters alone may be used to solve the problem.

max0E,_p [Q¢ (S’ﬂe(s))] "

Fig. 2 represents the DDPG algorithm learning policies. The algorithm of DDPG involves two neural networks: The actor and the
critic networks and they have distinct roles.

The actor network is in charge of acquiring knowledge about the best policy function, which is used to map states to actions. The
policy function is a representation of map states to actions. The actor network receives the current state as input and produces an
action as output, which is then transmitted to the environment.

In contrast, the critic network has the responsibility of learning the Q-value function, which represents the expected total reward
that results from taking a specific action in a particular state and following the policy thereafter. The critic network takes in the
current state and action as input and produces the corresponding Q-value as output. The Q-value function is utilized to assess the
quality of the action performed in a particular state. By calculating the gradient of the Q-value function with respect to the actions
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Developments and expansions of DDPG algorithms.
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Authors and
year

Motivations

Contributions

Advantages

Limitations

(Fujimoto et
al., 2018a)
[27]

(Haarnoja et
al., 2018)
[28]

(Lowe et al.,
2017) [29]

(Barth-Maron

TD3 addressed the
overestimating of DDPG by using
two value functions and by
delaying the policy updates.
SAC was proposed to overcome
the limitations of the traditional
actor-critic algorithms.
MADDPG was proposed to
address the challenges posed by
multi-agent reinforcement
learning.

D4PG was proposed to develop a

TD3 helps to prevent
overestimating action values.

SAC addresses unstable or
struggle to find good policies in
complex environments.
MADDPG introduces a
centralized training and
decentralized execution
framework for multi-agents.

D4PG combines the

Solving a wide range of DRL
problems, especially in the

domain of continuous control.

The maximum entropy
objective helps to encourage
exploration.

MADDPG can handle
multi-agents reinforcement
learning scenarios with a
large number of agents.

Improves the stability and

Computational complexity,
sensitivity to hyperparameters,
exploratory behavior, limited
sample efficiency.

Difficulty in handling Partial
Observability.

MADDPG increases the
complexity of the algorithm.

The D4PG algorithm is

etal., 2018) distributed framework for distributional perspective on convergence of the algorithm. computationally expensive due
[30]1 off-policy learning and improve reinforcement learning with a to its distributed nature.
the performance of DRL distributed framework for
algorithms on various control off-policy learning.
tasks.
(Du et al., D3PG modification was The use of true gradients from a Improve the performance Physical simulators may
2019) [31] proposed to increase the differentiable physical simulator. without sacrificing its introduce additional
convergence rate of both the robustness. computational overhead.
actor and the critic.
executed by the actor network, the critic network provides feedback to it. The DDPG algorithm’s learning procedures entail modifying

the

weights of both the actor network and the critic network via gradient descent.

2.3. Extensions and modifications of DDPG

DDPG has several limitations, such as the tendency to get stuck in local optima, sensitivity to hyperparameters, and difficulty

handling continuous action spaces [22]. Hence, there are several extensions and modifications of DDPG as shown in Table 1. By
extending and modifying DDPG, researchers aim to overcome these limitations and improve the performance of the algorithm.
Moreover, some other reasons for doing this are:

Improving robustness: DDPG can be sensitive to the choice of hyperparameters and the initialization of the neural networks
[27]. Extensions and modifications of DDPG aim to improve the robustness of the algorithm and make it more stable and reliable
in different environments.

Handling new challenges: The field of DRL is constantly evolving, with new challenges and applications being proposed.
Extensions and modifications of DDPG aim to address these new challenges and make the algorithm better suited to these new
domains.

Incorporating new ideas: DRL is an interdisciplinary field, with ideas from machine learning, control theory, and artificial in-
telligence being incorporated into the development of new algorithms. Extensions and modifications of DDPG aim to incorporate
these new ideas and make the algorithm more effective and efficient [27-31].

In Fig. 3, DDPG is the central node, and the other algorithms are arranged in a tree-like structure around it, which explains each

algorithm and its relationship to DDPG. DDPG is the base algorithm, and all of the other algorithms in the diagram are extensions of
DDPG. Overestimation of Q-values in algorithms like DDPG arises from factors like function approximation and max operator bias.

TD3 algorithm by Fujimoto et al. [27] mitigates this by employing two critic networks, using the minimum Q-value of both for
updates. This approach reduces the overestimation bias, ensuring more stable and accurate value estimations.

SAC algorithm by Haarnoja et al. [28] extends DDPG by using entropy regularization to encourage exploration and prevent
premature convergence. It also uses a soft Q-function instead of a deterministic Q-function, allowing for more policy optimiza-
tion flexibility. TD3-SAC algorithms [27,28] combine the best parts of TD3 and SAC to achieve improved stability and better
exploration.

D4PG algorithm by Barth-Maron et al. [30] extends DDPG by using a distributional critic to estimate the value distribution,
improving stability and reducing bias.

D3PG algorithm by Dong et al. [31] extends DDPG by using a separate network to learn the policy directly rather than using the
Q-value to derive the policy. This helps the agents to learn from a broader range of experiences and can lead to faster learning.
MADDPG algorithm by Lowe et al. [29] extends DDPG to multi-agent settings, where multiple agents learn concurrently in a
cooperative or competitive environment.



E.H. Sumiea, S.J. Abdulkadir, H.S. Alhussian et al. Heliyon 10 (2024) e30697

Extends DDPG by using entropy regularization to
SAC B cncourage exploration and prevent premature
convergence
TD3

)
/
/

/

\\

Extends DDPG by using two critics to estimate the
Q-value, reducing overestimation and improving
stability

Extends DDPG to multi-agent settings, where
multiple agents learn concurrently in a cooperative
or competitive environment

. MADDPG

(The base algorithm) \\

Extends DDPG by using a distributional critic to
estimate the value distribution, improving, stability

and reducing bias

D4PG ]
\\
Extend DDPG by using a separate network to learn
D3PG mmmmmm the policy directly, rather than using the Q-value to
derive the policy

Fig. 3. Extensions and Modifications of DDPG.
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Fig. 4. The literature review study mapping process.

3. Methodology

This section explains the approach utilized to perform this systematic literature review. The PRISMA SLR recommendations by
Page et al. [32] served as the basis for the methods employed in this study. Fig. 4 illustrates the improved mapping method used
in this work which, in the rest of this section, consists of five steps: preliminary study (3.1), formulating research questions (3.2),
screening of publication (3.3), eligibility and quality assessment (3.4), and data extraction and compilation of included studies (3.5).

3.1. Step 1: preliminary study

Preliminary research was conducted before the literature review to better grasp the primary issue under discussion. This stage
also acts as the authors’ “kick-off” to uncover pertinent topics, keywords, and the scope of their systematic study. Next, two sub-tasks
were conducted: finding keywords, and figuring out the search criteria and strategies.

3.1.1. Keywords identification

Using the keyword “DDPG” as the starting point of our search, we conducted a Google Scholar search with the keyword to see
how many studies are available on this topic before selecting keywords and keyword variations. Following this step, we found four
studies that may provide insight into the RQs [14,22,30,31]. In addition to identifying a few relevant keywords, the retrieved studies
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Fig. 5. A summary of Google Scholar’s keyword combination survey.

Table 2

Search criteria and strategies.
Domain focus Keywords Generalizing search string
Deep Reinforcement Learning, Deep DDPG, deep deterministic policy gradient, deep (DDPG OR “deep deterministic policy gradient”)
Deterministic Policy Gradient Algorithm. reinforcement learning, actor-critic, continuous AND (hyperparameter OR optimize*))

control, DDPG optimization, hyperparameter tuning.

provided a general idea of the search venue. In order to determine the most appropriate keyword combinations for a search string,
keywords were analyzed to determine which combinations returned the most relevant articles related to DDPG. A summary of the
keyword combination survey results is presented in Fig. 5, along with the total number of publications retrieved from Google Scholar
during the literature search.

3.1.2. Identify search criteria and strategies

To proceed further, we narrowed down the search by using specific criteria to focus on particular areas. The most recent database
search was completed on 03/03/2023 on three established databases, namely Scopus, Web of Science, and ScienceDirect. The search
was conducted by searching for titles, abstracts, and author keywords to retrieve relevant studies. Only publications such as journal
articles, conference proceedings, and book chapters published between 2018 and 2023 were included in the search. A total of 986
studies were identified and to ensure that the search results were pertinent, these studies were screened to verify that they contained
information that answered the RQs stated in Sub-section 3.2. Advanced search operators and wildcards were used with the search
keywords, following the manual for each database (Appendix A). The keywords, generalized search strings, and domain focus used
for the search are outlined in Table 2.

A PRISMA flowchart depicts the flow of information during the different phases of this SLR is illustrated in Fig. 6. This flowchart
was designed using the PRISMA tool by Haddaway et al. [33].

3.2. Step 2: formulating research questions

In this step, we have created the primary research inquiries that will guide our research and writing processes. These inquiries
were assessed based on their constructive nature, level of focus, and relevance to a particular area or issue. As a result, we have
conducted extensive research on the advancement of the DDPG algorithm and its extensions. However, it has been difficult to find
adequate literature on the novel DDPG, making it a challenging task. Therefore, the primary objective of this study is to present a
comprehensive review of the development of the DDPG, its optimization methods, and the areas of its application.

The formulated RQs for this study are as follows, along with their justifications:

* RQ1: What are the current applications and domains into which the DDPG algorithm has been proposed in the literature?
Motivation: Classification of selected studies is a way to organize research papers based on their contribution to a particular
field. This classification can help researchers and readers quickly understand the nature and significance of the study and identify
trends and patterns in the research.

RQ2: What are the commonly applied techniques with DDPG in DRL applications?

Motivation: To provide a comprehensive overview of the techniques and algorithms that are used with the DDPG algorithm to
develop DRL applications. Understanding these techniques can help practitioners and researchers understand the strengths and
limitations of the algorithm and make informed decisions about its suitability for a particular problem.

RQ3: What are the optimization methods used to overcome the instability of hyperparameters in DDPG?

Motivation: To provide a comprehensive overview of the various approaches that have been proposed to address the challenges
associated with hyperparameter optimization in DRL algorithms.
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Fig. 6. PRISMA flowchart of the systematic literature process.

* RQ4: What are the evaluation measures used to evaluate the performance of the DDPG algorithm?
Motivation: To provide insight into the criteria used to assess the effectiveness and accuracy of the DDPG algorithm in various
DRL applications.

« RQ5: What is the intensity of publications related to DDPG?
Motivation: To provide visualization insights on the intensity of DDPG publications based on yearly published papers and
featured journals, so researchers know the trend line of DDPG and find the best journals to fill their knowledge.

3.3. Step 3: screening of publication

After identifying 986 studies and removing a total of 105 duplicates, a two-step screening process was used to screen publications.
The first step was to screen the studies based on inclusion and exclusion criteria (Table 3). A screening process was conducted to
exclude any unrelated works, 462 studies, that have not met the selection criteria from the identified papers. The second step was
using the titles, abstracts, and conclusions of the studies, the literature was evaluated by a formal analytical and data curation team.
To ensure that no important studies were missed, each literature piece was thoroughly examined based on its relevance to the topic.
RQs and themes of the study were taken into consideration when selecting the studies. This step was carried out by E.H. Sumiea,
and S.M. Al-Selwi and they worked together to finalize it. Finally, the screening phase ended up with 387 unique studies for the next
phase, the eligibility and quality assessment.

3.4. Step 4: eligibility and quality assessment

The SLR investigation involved evaluating the eligibility and quality of the remaining 387 studies that were screened, using
specific criteria outlined in Table 4. These criteria included score values of 1 (indicating agreement), 0.5 (partially agreeing), and
0 (disagreeing), and were used to assess whether the studies had clearly defined constraints, procedures, goals, and aims. This was
done to ensure that only the most suitable research was included in the final selection.
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Table 3
Inclusion criteria and exclusion criteria.
Inclusion Criteria Exclusion Criteria
« Studies published between 2018-2023. <« Published before 2018.
< The study is available in full text. < Unavailable in full text.
< The study is Written in the English language. < Written in a different language than English.
< Relevant to the RQs. <« Irrelevant to the RQs.
< Papers that are more than five pages. < Less than five pages.

Table 4
The set of standards used to evaluate the eligibility and quality of assessment.

Criteria Score Description
Does the study have a defined set 1 There is a clear objective and goal presented in the study.
of aims and objectives? 0.5 The study’s objectives are defined, but the study’s goals are not.
0 Objectives and goals are not clearly stated in the study.
Is the methodology of the study 1 The methodology presented in this study is clear, systematic, and well-documented.
presented clearly? 0.5 Incomplete/non-systematic methodology documentation is present.
0 There is no documentation of the methodology in the study.
Does the study disclose any of the 1 Yes, the report does include a widely noted weakness.
work’s limitations? 0.5 The research briefly mentions its drawbacks.
0 No, the study does not include a statement of the research’s limitations.
Does the study effectively 1 Yes, the study presents clear, comprehensive, and well-presented research findings. The findings/results
articulate its findings? are presented using appropriate visualizations.
0.5 Although the study’s findings were reported, more context should be given. The results are related to the
data supplied.
0 No, the study does not clearly communicate its research findings, and/or no more explanation is given.

The results are given in a random sequence and do not affect the study’s aims and objectives.

Table 5
Studies obtained at each stage of the systematic literature process.

Databases of academics Studies Identified Studies Screened Studies Passed EA Studies Included

Scopus 403 45 52 52
ScienceDirect 86 10 1 1

Web of Science 497 50 32 32
Total 986 105 85 85

Each study’s eligibility and quality assessment phases were conducted using the grading criteria listed in Table 4. To guarantee
that only high-quality research was included in the final list, only papers with a minimum score of 3.0 were chosen. A total of 302
research papers were removed in this phase, leaving 85 eligible studies to be included in the qualitative synthesis of this SLR study.

3.5. Step 5: data extraction and compilation of included studies

Once the eligibility and quality evaluations were finished, a spreadsheet was created using metadata obtained from scholarly
databases to list the selected studies. These publications include details such as the title, authors, and publication venue. Additionally,
information was included about the type of paper (i.e., review, application, or survey), the year of publication, the digital object
identifier (DOI), the study type, and the scholarly database from which it was retrieved. The EndNote software has been utilized to
automatically remove duplicate studies and keep offline copies for future reference and citation. This step allowed for the extraction
of knowledge that could contribute to answering the RQs (Sub-section 3.2) and achieving the study’s objectives. The extraction
process was done by E.H. Sumiea, and S.M. Al-Selwi and they worked together independently to extract the data, and then they
reviewed each other work to make sure the extracted data was accurate. In total, 85 studies have been included and analyzed to
answer the established RQs in this systematic review. The most valuable data obtained from these studies pertained to existing DDPG
techniques and their enhanced methods, applications, research trends, and current challenges in the DDPG and DRL domains. Table 5
shows the number of studies collected from scholarly databases at each level of the SLR process.

For consideration for inclusion in the finalized selected papers, our SLR only examined studies that had defined aims and goals,
offered clear methodological justifications, acknowledged their limits, and presented unambiguous study findings. As a consequence,
Table 5 data draws us to the conclusion that most studies were found in Scopus (N =52), then Web of Science (N =32), and finally
ScienceDirect (N=1).
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Fig. 7. DDPG applications.
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Fig. 8. Classification of the included studies based on their utilization of the DDPG algorithm.

4. Synthesis of data and analysis

Using visualization aids and answers to this study’s RQs (3.2), this section synthesizes and summarizes the data collected from the
included works. It presents evidence related to recent applications, current research, and challenges associated with DDPG-DRL to
deliver to both novice and experienced researchers in order to understand the current state of DDPG applications, current research,
and challenges.

4.1. RQI: what are the current applications and domains into which the DDPG algorithm has been proposed in the literature?

A comprehensive classification and overview of the 85 selected studies is presented as an answer to this question. Classification
of selected studies is a way to organize research papers based on their contribution to a particular field. Fig. 7 shows that the DDPG
algorithm has found many applications in different fields. This classification can help researchers and readers quickly understand the
nature and significance of the study and identify trends and patterns in the research.

Also, Fig. 8 displays the classification of the chosen studies according to their application area. The largest proportion of studies
was focused on Autonomous Driving (N =19), followed by Unmanned Aerial Vehicles (UAVs) (N =16), Resource Allocation (N=15),
communications and the Internet of Things (IoT) (N=15), Robotics (N=12), and Finance (N =8). This suggests that, compared to
other applications that utilized the DDPG algorithm, these six areas have received more attention in terms of exploring the potential
of Al techniques to enhance DRL and optimization methods.
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For organizational clarity, these studies have been systematically classified into six distinct sub-sections, all predicated on the
utilization of the DDPG algorithm. Each group encompasses details such as the respective authors, publication years, employed
techniques, adopted methodologies, and specific applications. The sub-sections are Resource Allocation (4.1.1), Autonomous Driving
(4.1.2), Unmanned Aerial Vehicles (UAVs) (4.1.3), Robotics (4.1.4), Communications and IoT (4.1.5), as well as Finance (4.1.6).

4.1.1. Summary of studies classified as resource allocation

DDPG is widely employed for resource allocation problems in cloud computing [34] and energy management [35] to optimize
resource allocation, such as computing resources, memory, storage, and bandwidth. In cloud computing, DDPG can be used to
allocate virtual machines to different physical servers based on the current load and demand to ensure efficient utilization of the
resources and minimize the cost. In energy management, DDPG can allocate energy resources such as batteries and generators to
different loads based on the current demand and availability of the resources to ensure a reliable and cost-effective power supply.

DDPG findings demonstrate that it outperforms traditional optimization methods in resource allocation problems, as it can learn
complex policies that consider the nonlinear relationships between the system parameters and the rewards [36]. Additionally, DDPG
can adapt to changes in the system and learn from experience, which makes it suitable for dynamic environments such as cloud
computing and energy management.

DDPG effectively solves resource allocation problems in cloud computing and energy management. By learning from experience,
DDPG can adapt to changing conditions and optimize the allocation of resources in real time. The use of DNNs allows DDPG to
learn complex policies that can consider the nonlinear relationships between the system parameters and the rewards, making it
a powerful tool for solving resource allocation problems in dynamic environments. Table 6 summarizes the studies classified as
Resource Allocation Based on DDPG algorithms.

4.1.2. Summary of studies classified as autonomous driving

DDPG algorithm has made significant contributions to autonomous driving applications by enabling the development of more
sophisticated and adaptive driving policies. As can be seen in the summarized studies in Table 7, DDPG can be used to learn a
driving policy that can control the vehicle based on sensor data [37], such as lidar data, camera images, and other sensors data.
Using DDPG, the autonomous driving system can learn to navigate complex environments, make decisions in real time, and adapt to
changing conditions. The algorithm can be used to optimize driving behavior, including following traffic rules, avoiding collisions,
and minimizing the distance to other vehicles [38]. Overall, DDPG offers the potential to create safer and more efficient autonomous
driving systems that can adapt to a wide range of driving scenarios and conditions [39].

In addition, DDPG has also been used to overcome some of the challenges associated with traditional autonomous driving algo-
rithms, such as the need for a pre-defined set of rules and difficulty adapting to changing road conditions. With DDPG, the driving
policy is learned through trial and error, which allows the system to adapt to new situations and learn from experience.

4.1.3. Summary of studies classified as unmanned aerial vehicles (UAVs)

One of the primary advantages of DDPG is its ability to handle continuous control problems, which are common in the context
of UAVs [40] [41]. DDPG has been utilized in several UAV applications, including obstacle avoidance [42], path planning [43], and
formation control [44]. In obstacle avoidance, the algorithm can learn a policy that enables the UAV to navigate around obstacles
while still reaching its destination. Path planning involves finding the optimal path for the UAV to take to reach a particular goal,
while formation control involves coordinating the movement of multiple UAVs to achieve a particular objective.

Table 8 summarizes the studies of classified UAVs based on the DDPG algorithm and shows how the DDPG algorithm has made
significant contributions to the UAVs field, particularly in the area of autonomous control.

4.1.4. Summary of studies classified as robotics

DDPG algorithm has been successfully applied to Robotics and motion control problems [45,46]. DDPG can be used for a variety
of tasks, such as manipulation, locomotion, and navigation [47]. For example, DDPG can learn an optimal policy for manipulation
tasks, such as picking and placing objects in a specific location. Similarly, DDPG can learn an optimal policy for locomotion tasks,
such as walking or running, by controlling a robot’s joint angles and velocities. Moreover, DDPG can be used for learning complex
motor skills, such as acrobatic maneuvers, by learning an optimal policy for controlling the movements of a robot. This is useful in
fields such as aerial Robotics, where precise and agile control is required. The studies that are relevant to Robotics based on DDPG
are summarized in Table 9.

4.1.5. Summary of studies classified as communications and IoT

DDPG can be used to learn policies that optimize the use of resources, such as bandwidth or power, while maximizing performance
metrics, such as throughput or reliability [48] [49]. In communication systems, DDPG can be used to optimize the transmission
parameters of wireless networks, such as the transmission power, modulation scheme, and channel allocation. By learning policies
that consider the quality of the wireless channel, interference from other devices, and the traffic demand, DDPG can optimize the use
of resources and improve network performance. In IoT applications, DDPG can be used to optimize the operation of IoT devices, such
as sensors and actuators, in a way that maximizes the performance of the system. For example, DDPG can learn policies that optimize
the sampling rate of a sensor or the activation time of an actuator, considering factors such as energy consumption, data quality, and
the desired performance metric. Table 10 summarizes the studies of Communications and IoT based on the DDPG Algorithm.
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Table 6
Summary of studies classified as Resource Allocation based on DDPG algorithm.
Author and Description Application
Year
(Zheng and Techniques: Multi-agent (MADDPG) algorithms for path planning-based crowd simulations. Crowd simulation
Liu, 2019) Methodology:The proposed algorithm uses several metrics, including the average velocity, flow rate, and environment.
[55] collision rate of the crowd
(Guo et al., Techniques:The higher tier utilizes (DDPG) algorithm for emergency medical services (EMSs) training at Hybrid-tracked vehicle
2020) [35] varying speed ranges. The lower levels incorporate the transfer learning (TL) technique to adapt pre-existing simulator.
neural networks for a new driving cycle.
Methodology:The fuel efficiency and the battery’s state-of-charge (SOC) were two measures that the authors
used to assess how well the suggested technique performed.
(Meng et al., Techniques: Deep Q-network (DQN) and (DDPG). Multi-user cellular
2020) [56] Methodology: (DQN) learns to allocate power to each user based on the channel conditions and user demand networks
and (DDPG) learns a continuous policy for power allocation.
(Zheng et al., Techniques: (DDPG) algorithm for joint time and energy management. Radio networks
2023) [57] Methodology: The DDPG algorithm suggested intends to enhance the balance between energy consumption
and the delay in data transmission.
(Zhao et al., Techniques: Proposes a DRL-based approach using (DDPG) algorithm for dynamics power allocation in Cell-free massive
2021) [54] cell-free massive systems. multiple-input
Methodology: The approach uses a DNN and (DDPG) algorithm to learn the optimal power allocation policy. multiple-output (MIMO)
systems.
(T. Zhang et Techniques: DDPG, Mode selection, Device-to-device (D2D). Heterogeneous networks

al., 2021) [58]

(B. Zhang et
al., 2022) [59]

(Xia et al.,
2021) [34]

(Wei et al.,
2022) [60]

(Chen et al.,
2022) [36]

(Chen et al.,
2021) [61]

(J. Wang et
al., 2022) [62]

(Z. Wang et
al., 2022) [63]

(Quet al.,
2022) [64]

(B. Liu, B. W.
Xu, et al.,
2022) [65]

Methodology: Optimize mode selection and resource allocation for device-to-device (D2D)-enabled
heterogeneous networks.

Techniques: The authors developed intelligent EMS by combining (DDPG)-(PER).
Methodology: The proposed approach uses (DDPG)-(PER) to train an energy management system (EMS) for
(HETVs) in an online and adaptive manner.

Techniques: DRL algorithm based on (DDPG) framework.

Methodology: A model for satellite resource allocation is developed that optimizes multiple objectives. A
technique involving the division of regions and a feature extraction network is employed to reduce the
dimensionality of input data. The resource allocation for satellites transmitting short messages is examined
within an area that is serviced by multiple satellites.

Techniques: Enhanced ability to perceive the environment (DDPG) algorithm with priority experience replay
Methodology: Formulation of a multi-objective optimization problem

Techniques: Two DDPG algorithms are combined to allocate the amplitude and phase shift of individual
reflecting elements for an ideal intelligent reflecting surface (IRS) in a dynamic manner.

Methodology: Dynamic optimization is formulated for sub-carrier assignment, power allocation, amplitude
control, and phase shift design.

Techniques: Temporal attentional deterministic policy gradient (TADPG) based on (DDPG).
Methodology: Joint optimization problem of computation offloading and resource allocation (JCORA)

Techniques: Decentralized multi-agent (De-DDPG) algorithms based on DDPG.

Methodology: The paper proposes a joint optimization scheme for computation offloading decisions and
computing resource allocation on the Internet of Vehicles (IoV) scenario, where the computing capacity of
vehicles is limited, and computation tasks are offloaded to nearby multiaccess edge computing (MEC) servers.

Techniques: (twin-actor DDPG)
Methodology: The method suggested involves optimizing communication, computing, and caching resources
simultaneously in multi-access edge network slicing using (DRL) approach.

Techniques: An extended DDPG algorithm with multi-objective reward.

Methodology: The edge server’s level of trust is determined by the computation offloading success rate, while
the system model is constructed based on the user’s standpoint, with delay and energy consumption being the
two multi-objective tasks that are jointly optimized.

Techniques: The proposed technique in this paper is a hybrid (HDRL) that combines dueling double deep Q
networks (D3QN) algorithms and (DDPG) algorithm.

Methodology: The approach consists of formulating the issue as a multi-objective optimization problem with
both integer and continuous variables while creating an energy management framework for the MEA power
system.

Series Hybrid Electric
Tracked Vehicle
(SHETV)

Brief messages satellites.

Lithium-ion batteries in
electric vehicles.

Intelligent
reconfigurable surface
(IRS)

Mobile edge computing
(MEC)

Internet of Vehicle (IoV)

Caching resources in
multi-access edge
network slicing

Mobile edge computing
(MEQ) in the 5G era.

Real-time power
management in electric
aircraft

4.1.6. Summary of studies classified as finance

DDPG is a versatile DRL algorithm that has shown great potential in the field of Finance [50,51]. Table 11 summarizes the
studies that explain how DDPG can be used for a variety of Finance tasks, including portfolio optimization, algorithmic trading,
risk management, and fraud detection. First, in portfolio optimization, DDPG can learn to allocate assets to maximize returns while
minimizing risk based on historical market data and risk preferences [52,53]. Also, DDPG can analyze real-time market data in
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Table 7
Summary of studies classified as Autonomous Driving based on DDPG algorithm.
Author and Description Application
Year
(Zhu et al., Techniques: The proposed approach uses the DDPG algorithm for DRL-based training of the autonomous Autonomous
2018) [37] car-following model. driving systems
Methodology: The DRL algorithm used in this work is the (DDPG) algorithm, which is evaluated on a
simulated highway scenario with varying traffic conditions.
(Guo and Wu, Techniques: The proposed approach utilizes (DDPG) to learn the optimal policy for controlling the car’s Autonomous
2019) [39] actions in a racing environment. driving systems

(Chen et al.,
2020) [66]

(Fu et al.,
2020) [67]

(Ashraf et al.,
2021) [68]

(Alomari et
al., 2021) [69]

(Y. Zhang et
al., 2022) [70]

(M. Li et al,,
2020) [38]

(He and
Huang, 2021)
[71]

(Wang et al.,
2023) [72]

(Sun et al.,
2021) [73]

(Yao et al.,
2021) [74]

(Syavasya and
Muddana,
2022) [75]

(Hu and Li,
2022) [76]

(S.C.Lietal.,
2022) [77]

(Tang et al.,
2022) [78]

(Huo et al.,
2022) [79]

(Hu and Li,
2022) [76]

Methodology: The methodology involves implementing the DDPG algorithm and experimenting with two
strategies to improve performance: action punishment and multiple exploration.

Techniques: The proposed approach utilizes (DDPG) framework and integrates a progressively optimized
reward function (PORF).

Methodology: Constructing a PORF-DDPG algorithm that gradually trains a DNN-based reward model with
input from front-view images through human supervision and intervention.

Techniques: (DDPG) algorithm, Collective Learning, Vehicular, Blockchain, Knowledge Transfer.
Methodology: Formulate the lane-changing issue as (DRL) process and acquire the self-governing
lane-changing technique using the (DDPG) algorithm.

Techniques: (DDPG) algorithm and Whale Optimization Algorithm (WOA)
Methodology: The study focuses on optimizing the hyperparameters of (DDPG) algorithm to attain the best
possible control approach in an autonomous driving control dilemma.

Techniques: DDPG, Path-following, Control Theory
Methodology: (DRL) agent is educated in a 3D simulated setting and interfaces with the unfamiliar
surroundings to revise the DNN.

Techniques: (TD3), Multi-objective Optimization

Methodology: Creating a (TD3)-based energy management system (EMS) that incorporates the durability
data of both proton exchange membrane fuel cell (PEMFC) stacks and lithium-ion batteries (LIBs) to manage
the hybrid power train based on the vehicle’s operating conditions.

Techniques: (DDPG), Simulation-based testing
Methodology: Suggesting (DDPG) algorithm driving plan tailored to each vehicle to lessen fluctuations and
boost traffic safety during stop-and-go traffic patterns.

Techniques: The algorithm consists of two main components: the rule-based speed planning algorithm and
the DDPG energy management algorithm.

Methodology: The speed planning algorithm generates a speed trajectory for the HEV based on all traffic
information in a connected environment, while the DDPG algorithm optimizes fuel economy in real-time and
satisfies the constraints of driving safety and driving time.

Techniques: Optimal control, Simplified (S-DDPG) algorithm.
Methodology: The research article suggests utilizing the S-DDPG algorithm to devise a path-tracking control
technique for self-governing underwater vehicles (AUVs).

Technique: (DDPG) algorithm

Methodology: The proposed algorithm classifies and stores experience samples using the SumTree structure
to improve the speed of convergence and optimize the AUV’s path planning in uncertain and complex
underwater environments.

Technique: TD3, DDPG, and A-ECMS
Methodology: The study compares the performance of (TD3),(DDPG), and adaptive equivalent consumption
minimization strategy (A-ECMS) algorithms.

Technique: (DDPG) algorithm, SHapley Additive exPlanations (SHAP) algorithm.
Methodology:The main aim of this research is to present a DRL framework that can enhance the longitudinal
control of autonomous vehicles.

Technique: DDPG and ECMS

Methodology: The article suggests an energy management strategy for hybrid electric vehicles called
adaptive hierarchical EMS. This approach integrates both heuristic equivalent consumption minimization
strategy (ECMS) and (DDPG) knowledge.

Technique: (DDPG) algorithm and modified LSTM neural network.
Methodology: (DDPG) algorithm is used to solve the MDP with continuous action spaces.

Technique: DDPG and DQN algorithms for the DDRL-based EMS.
Methodology: The article proposes two energy management strategies (EMSs) for hybrid electric vehicles
(HEVs) based on (DRL) and rule-based controls.

Technique: (DDPG) and (DQL) algorithms with priority experience replay.
Methodology: The study integrates the factors of power variation and fuel economy into the multi-objective
reward functions to diminish fuel usage and extend the lifespan of the fuel cell stack.

Technique: DDPG and ECMS

Methodology: The article suggests an energy management strategy for hybrid electric vehicles called
adaptive hierarchical EMS. This approach integrates both heuristic equivalent consumption minimization
strategy (ECMS) and (DDPG) knowledge.

Autonomous
driving systems

Connected and
Autonomous
Vehicles (CAVs).

Autonomous
driving systems

Autonomous
vehicles

Fuel cell vehicle
energy
management

Driving strategy to
individual vehicles

Hybrid electric
vehicle (HEV)

Autonomous
Underwater
Vehicles (AUVs)

Autonomous
Underwater
Vehicles (AUVs)

Hybrid electric
vehicles (HEVs)

Longitudinal
control of
autonomous
vehicles

HEVs

Electric vehicle

HEVs

Hybrid Vehicles

HEVs
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Author and
Year

Description

Application

(Zhou et al.,
2022) [80]

(C. H. Liu et
al., 2020) [81]

(Samir et al.,
2020) [44]

(Zhang and
Cao, 2022)
[82]

(Yu et al.,
2021) [43]

(Y. Lietal.,
2020) [83]

(Cui et al.,
2021) [84]

(Zhang et al.,
2020) [40]

(Ho et al.,
2021) [41]

(M. Zhang et
al., 2021) [85]

(Xu et al.,
2022) [42]

(Barnawi et
al., 2022) [86]

(Gao et al.,
2021) [87]

(Wang et al.,
2021) [88]

(Guo et al.,
2021) [89]

(Din et al.,
2022) [90]

Techniques: (DDPG) algorithm
Methodology: The proposed algorithm optimizes the performance of the MEC network by jointly optimizing
the task offloading, resource allocation, and flight trajectory of UAVs.

Techniques: The DRL-EC3 approach uses the DDPG algorithm along with three other baseline approaches.
Methodology: Creating a completely decentralized control system to guide a swarm of UAVs in order to offer
sustained communication coverage for people on the move on the ground.

Techniques: The proposed technique leverages (DDPG) algorithm to minimize the Expected Weighted Sum
Age of Information (EWSA).

Methodology: The problem of optimization is transformed into a Mixed Integer Non-Linear Program (MINLP),
and then the DDPG algorithm is applied to determine the flight paths of the UAVs and decrease the EWSA.

Techniques: Attentional (ATDDPG) algorithms

Methodology: The algorithm suggested aims to simultaneously optimize three objectives that may contradict
each other: increasing the system’s throughput, maximizing the energy gathered, and reducing the total
energy consumed by the UAV.

Techniques: The proposed algorithm MODDPG (multi-objective DDPG)
Methodology: The rotary-wing (UAV) utilizes a protocol that involves flying, hovering, and communicating
to reach (IoT) devices that are in need of attention.

Technique: (DDPG)
Methodology: The paper proposes a new (DDPG) strategy based on DRL for the attacking area fitting of
unmanned combat aerial vehicles (UCAVSs).

Wireless communication using UAVs
Methodology: Formulate the problem of maximizing UAV service time and downlink throughput
Techniques: (DDPG) algorithm for trajectories design and power allocation (TDPA)

Techniques: Multi-agent(MADDPG) algorithm.

Methodology: The MADRL method being suggested involves centralized training and decentralized
execution. The agents, which include both UAV transmitters and UAV jammers, acquire knowledge on how to
effectively optimize their flight paths and power usage in order to enhance the system’s secure capacity.

Techniques: (DDPG) and (TRPO)
Methodology: Formulate nonconvex optimization problem to maximize UAV energy efficiency while meeting
communication requirements and backhaul link constraints.

Techniques: The proposed approach uses a UAV-BS system and employs (DDPG).

Methodology: The process includes investigating the unbroken ranges of possible states and actions to
acquire knowledge about the most effective location for hovering and how much power should be allocated,
utilizing the DDPG-based algorithm proposed.

Techniques: DDPG algorithm

Methodology: The proposed methodology includes using a basic controller for stability control of the UAV,
reducing the search space, designing an external sparse reward to enhance learning efficiency, and using a
DDPG-based controller to compensate for unknown external disturbances and optimize control accuracy.

Techniques: (DDPG) and (POPT)

Methodology: The task is to reduce the energy used by the UAV-Magnetometer-LM system by choosing time
slots and organizing the order in which the UAV visits different locations to uncover the LM hidden
underneath dirt or sand.

Techniques: The algorithm involves two separate problems: potential game for service assignment and
(DDPG) for trajectory planning.

Methodology: The research paper breaks down the multi-UAV-assisted offloading system into two distinct
problems and utilizes a combination of potential game and RL algorithms to optimize them.

Techniques: (DDPG)-based cache placement optimizing algorithm

Methodology: The paper recommends creating a problem-focused on minimizing file access delay through
the optimization of cache placement. It also suggests a cache placement optimization algorithm that employs
(DDPG).

Techniques: The paper proposes a twin-DDPG deep reinforcement learning (TDDRL) algorithm based on the
DDPG framework for the joint design of active beamforming, coefficients of RIS elements, and UAV trajectory.
Methodology: The TDDRL algorithm is proposed to solve the formulated problem using the DDPG framework.

Techniques: (DDPG) algorithm, modified for learning architecture to handle continuous state and control
space domains

Methodology: Designing an intelligent control architecture for an experimental Unmanned Aerial Vehicle
(UAV) (DDPG) algorithm

UAVs maritime
networks

UAV swarm control

Intelligent
transportation systems

UAV-enabled wireless

UAV-assisted wireless
powered IoT networks

Unmanned combat
aerial vehicles
(UCAVs)

UAVs

UAV

UAV-BS systems

Quadrotor UAVs

Landmine detection
using UAV-mounted
magnetometer sensing.

Multi-UAV assisted
offloading system

UAV-relaying
networks with D2D
communication

UAV trajectory

Airborne UAV
applications

algorithmic trading to make trading decisions based on market trends, volatility, and news events. Moreover, in risk management,
DDPG can identify potential risks and take actions to mitigate them, based on market data and other relevant factors. Finally, in
fraud detection, DDPG can analyze large amounts of transaction data to identify patterns and anomalies that may indicate fraudulent
behavior. While DDPG has the potential to be a powerful tool for finance professionals, it is important to carefully select the model,

14



E.H. Sumiea, S.J. Abdulkadir, H.S. Alhussian et al.

Table 9

Summary of studies classified as Robotics based on DDPG algorithm.

Heliyon 10 (2024) e30697

Author and Description Application
Year
(Sehga et al., Techniques: The GA+DDPG+HER approach uses a combination of GA for parameter tuning, DDPG Robotic
2022) [91] for DRL, and HER for improved sample efficiency. manipulation
Methodology: Use the GA+DDPG+HER approach to perform DRL on the robotic manipulation tasks
of FetchReach, FetchSlide, FetchPush, FetchPick Place, DoorOpening, and AuboReach environments.
(H. X. Zhang Techniques: Importance-Weighted Autoencoder IWAE) and Gaussian parameter (Gaussian-DDPG) Robotic surgery and
et al., 2021) Methodology: Addition of Gaussian parameters to DDPG algorithm for better exploration and Object
[45] optimization of grasping position control using torque information. manipulation
(Yang and Techniques: (DDPG) algorithm, Meta-learning-based experience replay buffer separation (MSER), Robot manipulator
Peng, 2021) and neural network design
[92] Methodology: Experiments are conducted in a simulation environment for trajectories planning of
a robot manipulator in V-REP.
(Rajendran Techniques: The paper proposes a learning-based control design that employs the use (DDPG) Soft robotic fish
and Zhang, algorithm to train the agent.
2022) [93] Methodology: The mathematical model of the soft robotic fish is based on a 3-link representation
and includes both geometric and dynamic aspects.
(Min et al., Techniques: The paper proposes a method that combines Hindsight Experience Replay (HER) and Manipulation of
2019) [47] Twin Delayed DDPG (TD3) algorithms. multi-DOF
Methodology: The proposed method is evaluated in a simulated environment using a 7-DoF manipulators in 3D
manipulator. space
(Q. Liu et al., Techniques: The proposed algorithm is intrinsic reward (IRDDPG) and combines the DDPG Industrial
2021) [94] algorithm. human-robot
Methodology: formulates the safe human-robot collaboration manufacturing problem. collaboration
(X.Lietal., Techniques: (DDPG) is used to optimize robot control policy. Robot control
2020) [95] Methodology: The method is implemented within ROS for controlling a Baxter robot in a

(Dankwa and
Zheng, 2019)
[96]

simulation environment.

Techniques: Twin-Delayed DDPG (TD3), and automatic feature engineering.

Methodology: The TD3 algorithm is used to reduce overestimation bias in Deep Q-Learning with
discrete actions in an Actor-Critic domain setting.

4-Ant-legged robot

(Hao et al., Techniques: (DDPG), replay buffer optimization, and weighted training samples. Vehicle speeding

2022) [46] Methodology: The method interferes with network exploration by utilizing the fundamental tracking control
relationship between pedal opening and vehicle speed. with a robotic

driver

(Z. Lietal., Techniques: Powell Deep Deterministic Policy Gradient (PDDPG) Multi-robot

2022) [97] Methodology: The technique considers each agent as a single-dimensional variable, and it cooperation
represents the learning of multi-robot collaboration as an optimal vector search. learning

(P.Lietal, Techniques: (DDPG) algorithm Mobile robots

2021) [98] Methodology: The proposed algorithm is tested and compared with the original DDPG algorithm

(Jiang et al.,
2022) [99]

through simulation experiments in a cloud robot path planning system.

Techniques: The paper proposes an integrated tracking control approach for a continuum robot in
space capture missions using (DDPG) and rolling optimization method.

Methodology: Combining (DDPG) with the rolling optimization method.

Continuum robot in
space capture
missions

engineer features appropriately, and validate results thoroughly to ensure that it is effectively addressing the problem at hand.
Furthermore, DDPG can also be used in credit scoring, where it can learn to predict the creditworthiness of an individual or a
company based on their financial history and other relevant factors [54].

4.2. RQ2: what are the commonly applied techniques with DDPG in DRL applications?

Based on the 85 included studies, various techniques have been observed to be applied alongside DDPG as shown in Fig. 9.

The most predominant technique is DDPG itself, mentioned in approximately 80 studies. There are other techniques, though less
prevalent, which have been combined with DDPG. These include DQN with 7 studies, TD3 with 6 studies, A2C and MADDPG each
with 4 studies, and PPO appears in 4 studies. Moreover, techniques such as HER, LSTM, and PER have been applied in 3, 2, and 2
studies respectively. Furthermore, D3PG, D4PG, DQL, GA, POPT, SAC, TRPO, and WOA each have a single study mention (N=1 for
each). This distribution highlights the prominence of DDPG and its adaptability to a wide range of other methods in the scope of DRL
applications.

4.3. RQ3: what are the optimization methods used to overcome the instability of hyperparameters in DDPG?

DDPG algorithm can suffer from instability and slow convergence when dealing with complex environments. There are several
techniques that can be used to solve this:
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Table 10

Summary of studies classified as communications and IoT Based on DDPG algorithm.

Heliyon 10 (2024) e30697

Author and Description Application

Year

(Zou et al., Techniques: The authors create a DRL method that adjusts the beamforming and relaying strategies Wireless

2020) [100] in real-time to maximize the overall Signal-to-Noise Ratio (SNR). communication
Methodology: The authors introduce a new hierarchical (H-DDPG) approach that incorporates systems
model-based optimization into the conventional DDPG framework, with a focus on
optimization-driven solutions.

(Hu et al., Techniques: To optimize the covert rate while adhering to covert constraints, a model-free and Wireless

2023) [101] off-policy algorithm based on (DDPG) is employed. communication
Methodology: The DDPG algorithm suggested in the study generates the transmit beamformer systems

(Z. W. Wang et
al., 2022)
[102]

(Saifaldeen et
al., 2022)
[103]

(Mlika and
Cherkaoui,
2022) [48]

(Ale et al.,
2022) [49]

(Budhiraja et
al., 2021)
[104]

(Chen et al.,
2023) [105]

(Lee et al.,
2022) [106]

(Ciftler et al.,
2022) [107]

(Shi et al.,
2022) [108]

(Kwon et al.,
2020) [109]

(Ma et al.,
2023) [110]

(Baktayan et
al.,, 2022)
[111]

(Y. N. Liu et
al., 2021)
[112]

vector for the authorized transmitter and the phase shifts matrix for the Intelligent Reflecting
Surfaces (IRS). These elements are adjusted to maximize the performance of covert communication.

Techniques: (DDPG)
Methodology: By maximizing a quadratic reward function determined by state errors and control
inputs, wireless vehicle-to-vehicle communication technology is integrated into the system.

Techniques: (DRL) solution based on (DDPG) algorithm

Methodology: The study aims to optimize the Secrecy Capacity (SC) of a Visible Light
Communication (VLC) system that employs mirror array sheets as Intelligent Reflecting Surfaces
(IRS). This optimization involves determining the optimal beamforming (BF) weights for VLC
fixtures and mirror orientations for the mirror array sheet.

Techniques: (DDPG), Non-orthogonal multiple access, mixed-integer nonlinear programming.
Methodology: Minimizing the Age of Information (Aol) in Cellular Vehicle-to-Everything (C-V2X)
communications. The problem involves several aspects, including selecting half-duplex transceivers,
optimizing broadcast coverage, allocating power, and scheduling Resource Blocks (RB).

Techniques: The proposed algorithm is called Dirichlet (D3PG), which is built on (DDPG).
Methodology: A new DRL technique named Dirichlet (D3PG) is introduced for solving the problem.

Techniques: Combination of several DRL techniques, including DDPG, CO-DDPG, MARL, MDP, and
multi-agent DQN.

Methodology: The DQN is combined with DDPG to form the distributed DDPG scheme and the
conventional optimization scheme is integrated with DDDPG to control the power of both the
cellular user equipment (CUE) and D2D transmitters (DTs).

Techniques: The proposed algorithm is a deep deterministic policy gradient-based WBAN
offloading strategy (DDPG-WOS).

Methodology: The research paper suggests a joint optimization issue that concerns both
computational offloading and resource allocation (JCORA) in Mobile Edge Computing (MEC)
designed for healthcare service scenarios.

Techniques: (DDPG).

Methodology: jointly optimize the beamforming matrix for the base station (BS) and IRS.
Simulation experiments are conducted to evaluate the performance of the proposed algorithm in
various scenarios.

Techniques: Distributed (DDPG) algorithm

Methodology: The task is to create a problem related to the allocation of downlink power in a
distributed manner, aimed at optimizing the transmit power for users, so that they can achieve
target data rates in hybrid networks that combine Radio Frequency (RF) and Visible Light
Communication (VLC).

Techniques: Distributed multidimensional resource management algorithm based on DRL and
DDPG

Methodology: Proposing a distributed multidimensional resource management algorithm based on
DRL to manage spectrum, energy, and time resources. Adopting DDPG algorithm and introducing a
simplified AA for improved training efficiency and battery performance protection

Techniques: The proposed algorithm utilizes multiagent (MADDPG) and federated learning (FL).
Methodology: The proposed algorithm is intended to achieve federated learning (FL) computation
using Internet-of-Underwater-Things (IOUT) devices within the oceanic environment.

Techniques: DDPG-DQN algorithm

Methodology: To optimize voltage regulation over both short and long time frames, the proposed
approach employs a hybrid of two algorithms (DQN) and (DDPG) algorithm. The DQN algorithm is
used for longer time periods, while the DDPG algorithm is used for shorter ones.

Technique: The DDPG algorithm is utilized to implement dynamic pricing for computation
offloading in UAV-MEC for vehicles.
Methodology: (DDPG) algorithm solves the optimization problem formulated as (MDP).

Techniques: (DDPG) and (LSTM) algorithms

Methodology: A cellular scenario in which down-link transmission is split into different time slots.
Its aim is to satisfy a range of real-time quality of service (QOS) demands. It also includes a
Multi-Dimensional Intelligent Multiple Access (MD-IMA) scheme to optimize the use of available
radio resources across diverse domains.

Wireless V2V
communication

Visible Light
Communication (VLC)
systems

Cellular
vehicle-to-everything
communications

Multiple IoT devices
and multiple edge
servers

10T devices

Mobile edge
computing (MEC)

mmWave V2I
communication
systems

Hybrid radio
frequency and visible
light communication
networks

Wireless sensor
communications in
Internet of Things
(IoT) systems

Internet-of-
Underwater-Things
(IOUT) devices

Distribution networks

5G cellular networks

Beyond 5G and 6G
wireless networks.
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Table 11
Summary of studies classified as Finance based on DDPG algorithm.

Author and Description Application
Year
(Yeetal, Techniques: DDPG, prioritized experience replay, bi-level optimization. Strategic bidding
2020) [52] Methodology: The proposed methodology combines DRL with a PER strategy to model strategic

bidding decisions in deregulated electricity markets.
(Yang et al., Techniques: The proposed three actor-critic-based algorithms: (DDPG), (PPO), and (A2C) Financial Instruments
2020) [113] Methodology: The ensemble strategy is created by combining the best features of the three

algorithms to the load-on-demand technique employed to process the large amount of data required
for training networks with continuous action space.

(Vishal et al., Techniques: (DDPG), (A2C), (TD3) and (PPO) Stock Market scenario
2021) [114] Methodology: The trading agent is developed using the Actor-Critic reinforcement learning

approach, which involves training two DNNs simultaneously, one for the actor and one for the critic.
(Sagiraju and Techniques: (DDPG), (A2C), (PPO), and (DQN) Stock market
Mogalla, Methodology: The agent learns to predict stock market investments and returns and develops a
2022) [50] trading strategy based on the given environment.
(Y. K. Liu et Techniques: (DDPG) algorithm Cloud manufacturing
al., 2022) Methodology: The proposed approach uses (DDPG) algorithm to learn the optimal policy for environment
[115] service composition in a dynamic cloud manufacturing environment.
(H.F.Lietal, Techniques: (DDPG) and portfolio optimization. Stock portfolio
2021) [116] Methodology: The average logarithmic cumulative returns and the cumulative Sharpe Ratio are

used as the reward functions.
(Kong and So, Techniques: DDPG, A2C, PPO, ACKTR, SAC, TD3, and TRPO Algorithmic trading
2023) [51] Methodology: The paper describes an experimental study to evaluate the performance of the

proposed automated stock trading system.
(Chau et al., Techniques: DDPG, PPO, ACKTR, and TD3 Automation Forex
2022) [53] Methodology: The study involves training and testing the DRL agents on 30 different Forex Trading

currencies.

O DDPG, 80

Fig. 9. Commonly applied techniques with DDPG in DRL applications.

Experience replay: This method involves storing experiences in a replay buffer and randomly sampling them to update the
network. By doing so, the network is trained on a wider range of experiences, which can help stabilize learning and reduce the
effects of any correlations between consecutive samples.

Target networks: In DDPG, the target Q-network and target policy network are used to calculate the target Q-values and target
actions, respectively. These target networks are slowly updated with the weights of the online networks, which can help stabilize
learning and prevent overestimation of the Q-values.

Batch normalization is another technique that can be used to stabilize the learning process. It involves normalizing the inputs
to each layer of the network, which can help prevent vanishing or exploding gradients and improve the stability of the training
process [117].

Hyperparameter noise can also be added to the exploration policy during training to encourage exploration and prevent
overfitting. This can help the agent learn more robust policies that are less sensitive to small environmental variations.
Gradient Clipping: This method involves constraining the magnitude of the gradients during backpropagation to prevent them
from becoming too large. This can help prevent the network from diverging and improve the stability of the training process.
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 Learning Rate Scheduling: This technique involves adjusting the learning rate of the optimizer during training to improve the
convergence rate and prevent overfitting. One common method is to gradually reduce the learning rate over time, which can
help the network to settle into a stable policy.

 Exploration Strategies: DDPG can suffer from an overestimation of the Q-values, which can lead to poor exploration and slow
convergence. One way to address this issue is to use alternative exploration strategies, such as adding noise to the actions during
training or using Bayesian optimization to select actions.

« Prioritized Experience Replay: This method involves prioritizing experiences in the replay buffer based on their importance for
learning. By sampling experiences with higher priority more frequently, the network can focus on the most important experiences
and improve the convergence rate.

In a study by Lillicrap et al. [22], the authors proposed the DDPG algorithm and demonstrated its effectiveness on various
continuous control tasks, such as reaching, grasping, and locomotion. To improve the stability of the algorithm, they used experience
replay, target networks, and gradient clipping.

Also, in a research paper by Fujimoto et al. [27], the authors proposed a modification to the DDPG algorithm called Twin Delayed
DDPG TD3. This algorithm uses two Q-networks to reduce the overestimation of the Q-values and includes several optimization
techniques, such as target networks, delayed updates, and clipped double Q-learning.

In the proposal made by the authors Pinto et al. [118], the authors proposed an extension to the DDPG algorithm called Robust
Adversarial Reinforcement Learning (RARL). This algorithm includes several optimization techniques, such as parameter noise,
adversarial exploration, and prioritized experience replay, to improve the stability and robustness of the learning process.

The authors put forth a proposal in a study by Haarnoja et al. [28], the authors proposed a modification to the DDPG algorithm
called Soft Actor-Critic (SAC). This algorithm includes several optimization techniques, such as target networks, entropy regulariza-
tion, and automatic temperature tuning, to improve the stability and robustness of the learning process.

Moreover, in a study by Duan et al. [119], the authors compared the performance of several reinforcement learning algorithms,
including DDPG, TD3, and SAC, on a suite of continuous control tasks. They found that TD3 and SAC were the most effective
algorithms due in part to their use of optimization techniques such as target networks and prioritized experience replay.

A proposition was put forward by the authors in a research article by Silver et al. [120], the authors proposed a modified DDPG
algorithm that uses residual policy learning and a value function to improve stability and convergence. They demonstrated the
effectiveness of their algorithm on several continuous control tasks, including locomotion and manipulation.

These studies highlight the ongoing efforts to improve the stability and convergence of the DDPG algorithm through the use
of various optimization techniques. By incorporating these techniques, researchers are making progress toward developing more
effective and robust reinforcement learning algorithms that can solve increasingly complex problems.

4.4. RQ4: what are the evaluation measures used to evaluate the performance of the DDPG algorithm?

While DDPG has shown impressive results in various applications, evaluating its performance is critical to ensure its effectiveness
in solving real-world problems. In this regard, this answer will discuss the evaluation measures commonly used to evaluate the DDPG
algorithm’s performance. Researchers commonly use several evaluation measures, such as reward, convergence, exploration, and
robustness, and several environments, such as OpenAI Gym, MuJoCo, and TORCS, to test the algorithm’s ability to learn an optimal
policy.

To evaluate the performance of DDPG, researchers commonly use several environments to test the algorithm’s ability to learn an
optimal policy. These environments come in different forms, such as simulated environments, real-world environments, and game
environments. Here are some commonly used ones:

1. OpenAl Gym: It is a popular toolkit that provides a wide range of simulated environments for testing DRL algorithms’ perfor-
mance. The toolkit includes a collection of classic control tasks, Atari games, and robotics tasks. OpenAI Gym is widely used to
evaluate the DDPG algorithm’s performance due to its flexibility and ease of use [121].

2. MuJoCo: It is a physics engine that simulates a range of robotics tasks. The engine provides a high-fidelity simulation environ-
ment that enables testing DRL algorithms’ performance in realistic scenarios. MuJoCo is commonly used to evaluate the DDPG
algorithm’s performance on robotics tasks [122].

3. The Open Racing Car Simulator (TORCS): It is a popular racing game utilized to evaluate the DRL algorithms’ performance.
TORCS provides a challenging environment that requires the agent to learn a complex policy to win the game. It is commonly
used to evaluate the DDPG algorithm’s performance in game environments [123].

Then, there are several evaluation measures used to assess the performance of DRL algorithms, including DDPG, in these environ-
ments. These measures aim to quantify the algorithm’s ability to learn an optimal policy and generalize it to unseen environments.
Here are some of the commonly used evaluation measures in the included studies:

1. Reward: It is the primary measure used to evaluate the DDPG algorithm’s performance. It is the feedback signal that the agent
receives from the environment based on its actions. In this regard, a high reward indicates that the agent has learned an optimal

policy.
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Fig. 10. Classification of the included studies by publication year.

2. Convergence: It refers to the rate at which the algorithm learns an optimal policy. In DDPG, convergence is typically evaluated
by monitoring the change in the Q-value or the policy over time. A fast convergence rate indicates that the algorithm can learn
an optimal policy quickly.

3. Exploration: It measures the algorithm’s ability to explore the environment and find an optimal global policy. In DDPG, explo-
ration is typically evaluated by monitoring the agent’s action diversity and how often it visits new states.

4. Robustness: It measures the algorithm’s ability to generalize its learned policy to unseen environments. In DDPG, robustness is
typically evaluated by testing the learned policy on different environments with varying degrees of complexity.

4.5. RQ5: what is the intensity of publications related to DDPG?

This question’s answer includes characteristics of the 85 selected studies based on their year of publication (Fig. 10), and the
journals in which they were featured (Fig. 11).

To begin with, the distribution of studies based on the years from 2018 to 2023 is presented in Fig. 10. A noticeable upward trend
is observed in the number of publications, culminating in a significant spike in 2022 with 35 publications indicating that DRL-DDPG
is gaining popularity and receiving more attention from scholars. This was followed by 24 publications in 2021 and 15 in 2020.
Earlier years, such as 2019 and 2018, witnessed a limited number of studies, with 4 and 1 publications respectively. The count for
2023 stands at 6 studies, but it is imperative to note that the research was conducted in March 2023, which likely accounts for the
reduced number of publications for that year.

Next in the classification of the included studies based on their respective journals with more than 2 publications (Fig. 11),
the IEEE Internet of Things Journal emerges as the predominant source with 5 publications. This is closely followed by IEEE Access
and IEEE Transactions on Vehicular Technology, each accounting for 4 publications. Several journals, including IEEE Transactions on
Communications, IEEE Transactions on Transportation Electrification, IEEE Transactions on Wireless Communications, and the collective
of Lecture Notes in Computer Science, have contributed 3 studies each. Furthermore, a number of journals have been the source of 2
studies each, namely ACM International Conference Proceeding Series, IEEE Communications Letters, IEEE Journal on Selected Areas in
Communications, IEEE Photonics Journal, and IEEE Wireless Communications Letters. The remaining 50 studies have distinct journals.
This distribution underscores the diversity of publication sources and the interdisciplinary nature of the subject matter under review.

5. Conclusion

This DDPG SLR is concluded based on its future research directions, limitations, and closing remarks in the sub-sections 5.1, 5.2,
and 5.3 respectively.

5.1. Future research direction

DDPG has shown promising results in domains such as resource allocation, autonomous driving, unmanned aerial vehicles (UAVs),
robotics, finance, communications and Internet of Things (IoT), game playing, recommendation systems, and energy management.
However, there are still many domains in which the DDPG algorithm can be improved, and future research can focus on addressing
these limitations.

One direction for future research in DDPG could be to improve its sample efficiency. The current implementation of DDPG
requires a large number of samples to converge to the optimal policy. This is due to the use of experience replay and the exploration
strategy, which are necessary but can be inefficient. Recent advancements in sample-efficient reinforcement learning, such as the
use of model-based methods or meta-learning, can be applied to DDPG to improve its sample efficiency. For example, researchers
can explore the use of model-based DDPG, which combines the benefits of model-based approaches with the advantages of DDPG to
improve sample efficiency.
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Fig. 11. Classification of the included studies by journals.

Another one is to incorporate multiple objectives into DDPG. In many real-world problems, there are multiple objectives that
need to be optimized simultaneously. For example, in autonomous driving, the vehicle needs to avoid collisions while reaching the
destination in the shortest time possible. DDPG can be extended to handle multi-objective optimization by using methods such as
Pareto optimization or weighted sum optimization [1]. Researchers can also explore the use of multi-agent DDPG to handle scenarios
where multiple agents need to coordinate to achieve a common objective.

A third one is to improve the robustness of DDPG to changes in the environment. DDPG is sensitive to changes in the environment,
such as changes in the dynamics of the system or the introduction of new obstacles. One approach to improving the robustness of
DDPG is to use techniques such as domain randomization or transfer learning [1]. Domain randomization involves training the agent
in a variety of environments with different parameters to make it more robust to changes in the environment. Transfer learning
involves training the agent in one environment and then transferring the learned policy to a new environment with similar dynamics.

Finally, there is a need for research on the theoretical properties of DDPG. The current understanding of DDPG is mostly empirical,
and there is a lack of theoretical analysis of the algorithm. Researchers can explore the convergence properties of DDPG, its sensitivity
to hyperparameters, and the relationship between DDPG and other reinforcement learning algorithms. This research can help to
provide a better understanding of the algorithm and improve its performance in various real-world scenarios.

In summary, there are many future research directions in DDPG, ranging from improving its sample efficiency to incorporating
multiple objectives and improving its robustness to changes in the environment. Theoretical analysis of the algorithm can also provide
a better understanding of its properties and limitations. These research directions can lead to the development of more efficient and
robust reinforcement learning algorithms that can solve a wide range of real-world problems.

5.2. Limitation

While this SLR of the DDPG algorithm offers valuable insights into the latest developments, applications, and comparative analyses
of DDPG in the field of DRL, several limitations must be acknowledged. First, our review focuses on studies published within the last
five years (2018-2023). The rapidly evolving nature of DRL suggests that newer developments may have arisen subsequent to our
search period, potentially rendering our findings incomplete regarding the most recent advancements in DDPG. Second, this study
only focuses on 6 main domains as listed in section 4.1 (RQ1). Third, language and geographic bias may exist as our search was
primarily conducted in English, potentially overlooking valuable research in other languages and non-Western research communities.
Furthermore, our inclusion and exclusion criteria are subject to a degree of subjectivity and may introduce bias during the study
selection process. Variability in the quality of the included studies can also affect the overall quality of the review. In addition, our
comparative analysis of DDPG with other DRL algorithms and traditional RL methods is susceptible to inherent biases and subjective
judgments. The heterogeneity in evaluation metrics and experimental settings in the selected studies poses challenges in making
direct and conclusive comparisons. Lastly, the generalizability of our findings across different applications and domains of DDPG
may be limited as the algorithm’s performance can significantly vary depending on the specific problem and environment. Despite
these limitations, we believe this systematic review serves as a valuable resource for researchers in the field of DRL, providing a
comprehensive overview of the current state of DDPG and its applications, as well as highlighting avenues for future research and
exploration.
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5.3. Closing remarks

To conclude, our SLR has provided a comprehensive overview of the key components, modifications, domains, optimization
methods, decision environments, and evaluation measures of the DDPG algorithm. We have found that various modifications, such
as adding a noise process and incorporating distributed and parallel computing techniques, have been proposed to improve the
algorithm’s performance. Additionally, we have identified various optimization methods, including different learning rates and
prioritized experience replay, that have been used to overcome the algorithm’s instability. Our SLR also highlighted the diverse
decision environments in which the DDPG algorithm has been applied, such as robotic control, game playing, and finance. We found
that DDPG has shown promising results in various applications and has the potential to be applied in even more domains. Ultimately,
our SLR’s analysis of the evaluation measures and environments used to assess DDPG’s performance indicates that different metrics
have been used, such as cumulative reward and success rate, and a range of environments have been utilized, including OpenAl
Gym and Atari games. This provides valuable insight into how to evaluate the performance of DDPG in different applications. The
findings of this SLR provide researchers and practitioners with important information and guidance for applying and improving the
DDPG algorithm in various applications. Further research in this area can contribute to developing more robust and efficient DDPG
algorithm variations.
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Appendix A

Different search schemes were employed by all literature search databases. Across all databases, we either used operators and
wildcards to create advanced search queries, or we used the advanced search form provided on each database’s website. On March
6, 2023, the following links provide advanced search guidelines, which can be accessed on the latest search date.

Scopus: (TITLE-ABS-KEY (ddpg OR “deep deterministic policy gradient”) AND TITLE-ABS-KEY (drl OR “Deep reinforcement learn-
ing”) AND TITLE-ABS-KEY (optimiz*) OR TITLE-ABS-KEY (hyperparameter)) AND PUBYEAR > 2017 AND PUBYEAR < 2024 AND
(LIMIT-TO (PUBSTAGE, “final”)) AND (LIMIT-TO (DOCTYPE, “ar”) OR LIMIT-TO (DOCTYPE, “cp”) OR LIMIT-TO (DOCTYPE, “ch”)
OR LIMIT-TO (DOCTYPE, “re”)) AND (LIMIT-TO (LANGUAGE, “English”)) AND (LIMIT-TO (EXACTKEYWORD, “Deep Deterministic
Policy Gradient”) OR LIMIT-TO (EXACTKEYWORD, “Deep Reinforcement Learning”) OR LIMIT-TO (EXACTKEYWORD, “DDPG”) OR
LIMIT-TO (EXACTKEYWORD, “Deep Reinforcement Learning (DRL)”) OR LIMIT-TO (EXACTKEYWORD, “Deep Deterministic Policy
Gradient (DDPG)”))

Sciencedirect: ddpg OR “deep deterministic policy gradient”) AND (drl OR “Deep reinforcement learning”) AND (optimization OR
optimized OR hyperparameter)
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Table 12
PRISMA 2020 checklist.

Section/Topic Item Location

Title 1 Page 1: Title

Abstract 2 Page 1: Abstract

Introduction 3 Page 1: Section 1
4 Page 7: Section 3.2

Methods Page 9: Table 3

5
6 Pages (7, 9): Table 5

7 Pages (8, 7): Sections 3.3, Table 2
8 Page 8: Section 3.3, Table 3

9 Page 9: Section 3.5

10-15 Not applicable

Synthesis of Data 16a Page 8: Flowchart 6
and Analysis 16b Not applicable
17 Pages (12-17): Section 4
18-22  Not applicable
Other Information 24 Not applicable
25 Page 21: Acknowledgments
26 Page 21: Declarations of Competing Interests
27 Page 21: Data Availability

Web of science: TS=((ddpg OR “deep deterministic policy gradient”) AND (drl OR “Deep reinforcement learning”) AND (opti-
mization OR optimized OR hyperparameter)) and 2023 or 2022 or 2021 or 2020 or 2019 or 2018 (Publication Years) and English
(Languages) and Early Access or Proceeding Paper or Article (Document Types).

Appendix B

The PRISMA 2020 Checklist is taken from http://prisma-statement.org/PRISMAStatement/Checklist (last accessed 16/03/2024).
Table 12 shows the full PRISMA checklist applied in our SLR with checklist section, number, and location in our paper.
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