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Abstract - The use of artificial intelligence (AI) in the evaluation of medical images has resulted in accurate 

assessments being automatically conducted. This has reduced the workload of physicians, decreased diagnostic 

errors and turnaround times, and improved the performance in the prediction and detection of various diseases. 

Deep reinforcement learning (DRL), which is a new type of AI, has achieved a dramatic increase in the number 

of applications, including medical imaging tasks. Numerous DRL diagnostic algorithms have been developed for 

detecting various diseases such as lung cancer, heart disease, Alzheimer’s disease, dengue disease, and 

Parkinson’s disease. This study focuses on the recent developments in deep reinforcement learning for the 

detection and diagnosis of various diseases. 
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I. INTRODUCTION 

Owing to the recent integration of deep 

learning models with reinforcement learning 

algorithms in various applications, deep 

reinforcement learning has achieved considerable 

success [1]. To address the perception and 

decision-making issues of complex systems, deep 

learning is combined with reinforcement learning 

[2]. The rapid development of DRL has led to 

notable performance improvements in various 

fields, such as gaming, robotics, natural language 

processing, and computer vision [3], particularly 

in medicine, for disease detection. 

Medical item detection and segmentation are 

essential pre-processing procedures in the clinical 

workflow for diagnosis and therapy planning [4]. 

Although deep learning methods have shown 

impressive success in this area, they have several 

drawbacks, including computational restrictions, 

inadequate parameter tuning, and poor 

generalization. The newest artificial intelligence 

technique, deep reinforcement learning, has the 

ability to significantly improve upon the 

shortcomings of conventional methods of 

detection and segmentation while also producing 

accurate findings [5]. 

In the subject of disease detection, this study 

provides a review of the current developments in 

deep reinforcement learning. Initially, several 

fundamental ideas regarding deep learning, 

reinforcement learning, and deep reinforcement 

learning are presented in Section II. In Section 

III, several DRL algorithms, including DQN, 

DDPG, PPO, A2C, and A3C, the most recent 

DRL model-free and model-based algorithms are 

presented then compared in Section IV. This is 

followed by the most recent DRL medical 

imaging tasks in Section V, which is the main 

section of the literature review, followed by a 

discussion in Section V. Finally, the underlying 

issues and future prospects of DRL are examined. 

II. PRELIMINARIES 

In this section, we introduce the basic elements of 

machine learning, deep learning, and deep 

reinforcement learning. 

A) Machine learning ML 

Machine learning is a fascinating field in the 

fields of computer science and engineering. 

Because it makes it possible to extract useful 

patterns from examples, which is a feature of 

human intelligence, it is regarded as a subset of 
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artificial intelligence. The fundamental goal of 

ML methods is to create algorithms that can learn 

from and make predictions based on data [6]. 

Supervised, unsupervised, and reinforcement 

learning are the three main categories of machine 

learning, each of which is further divided into 

subcategories [7], as illustrated in Figure. 1. 

 

 
 

Fig. 1.  ML Classification. 
 

The following is a brief discussion of each 

algorithm : 

 Supervised Learning  

Through supervised learning, the machine is 

trained using examples. The controller provides 

predefined data, including the desired outcomes, 

to the machine learning algorithm. The algorithm 

must devise a route to the inputs and outputs after 

the dataset is discovered [8].  

 Semi-supervised Learning 

Semi-supervised learning is similar to 

supervised learning, except that it uses datasets 

that have been marked and those that have not. 

Unlabeled data lack the relevant tags that labeled 

data have, but labeled data have them so that the 

machine-learning algorithm can understand it. 

Using this method, machine learning systems can 

learn to recognize unlabeled data [8, 9]. 

 Unsupervised Learning 

The machine learning program examines the 

data provided for patterns or correlations. No aid 

was provided.  The machine examined readily 

available data to uncover linkages and 

connections. Large datasets are left up to the 

machine-learning algorithm to comprehend and 

react to in an unsupervised learning process [8]. 

 Reinforcement Learning  

Reinforcement Learning is an area of machine 

learning concerned with sequential decision 

problems. Specifically, a learner or agent 

interacts with an environment by taking action 

(Fig. 2), and the aim of the agent is to maximize 

its expected cumulative reward [10]. The long-

term benefits are maximized by reinforcement 

learning algorithms. The definition of a policy 

may or may not include the action plan of an 

agent [11]. 

 

 

 

 
Fig. 2. Structure of RL. 

 

Mathematical formulation of Reinforcement 

Learning Problems : 

The process for modeling issues in 

reinforcement learning is called the Markov 

Decision Process (MDP) [12], and is described in 

Reinforcement Learning. This is used to 

mathematically represent the sequential decision-

making issues. A collection of states creates an 

environment for reinforcement learning. Markov 

decision processes (MDPs) are a formalization of 

sequential decision processes, where an agent in 

a state (s) performs an action (a), which may 

cause it to shift states (s'), and then gets a reward 

(r). It must make a fresh judgment on what action 

to do in the new state until a termination 

requirement is satisfied.  

An MDP is represented by a tuple                               

𝑀 =  (𝑆, 𝐴, 𝜙 , 𝑅), where[13] :  

𝑆  is a finite set of states (𝑠𝑖 ∈  𝑆, 𝑖 =  {1, . . . , 𝑛}), 

𝐴 is a finite set of actions, which can depend on 

each state (𝑎𝑗 (𝑠𝑖) ∈  𝐴, 𝑗 =  {1, . . . , 𝑚}), 

𝑅(𝑠, 𝑎)  is a reward function that describes the 
state and maps each state-action pair to a number 

(reward) reflects the desirability of the state 
(𝑅 ∶  𝑆 ×  𝐴 →  𝑅)[13]. 
𝜙 (𝑠’|𝑠, 𝑎) is a state transition function that gives 

us the probability of reaching state 𝑠’ ∈ 𝑆 when 

taking action 𝑎 ∈  𝐴 in state 𝑠 ∈ S ( : S × A → S) 

Additional elements include: Policy (π): outlines 
the agent's behavior. It is a mapping from states 

to actions that might potentially be 

stochastic(𝜋(𝑠)  → 𝑎) which dictates which 

action to take on each state[13]. 

Value function (𝑉𝜋 /𝑄𝜋 ): Through equations (1) 

and (2), it is the expected accumulated rewards 

that an agent anticipates to receive in a state[13] 

𝑠 (𝑉𝜋(𝑠)). 

𝑉𝜋(𝑠) = 𝔼𝜋[𝐺𝑡|𝑆𝑡 = 𝑠] = 𝔼𝜋[∑ 𝛾𝑘∞
𝑘=0 𝑟𝑡+𝑘+1|𝑆𝑡]   (1)                 
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Or in a state s taking an action a(Qπ(s, a)): 

Qπ(s, a)=𝔼π[Gt|St = s, at = a] 

             = 𝔼π[∑ γk∞
k=0 rt+k+1|st = s, at = a]   (2)            

and following the policy π onward, where γ is a 

discount factor and Gt is the total discounted 

reward. 

B) Deep Learning 

Deep learning is a subset of ML approaches that 

use artificial neural networks (ANNs) that are 

inspired by the structure of neurons in the human 

brain [6]. The term "deep" originally meant that 

an artificial neural network had many layers; 

however, this meaning of deep has evolved over 

time. Convolutional Neural Networks (CNNs), 

Long Short-Term Memory Networks (LSTMs), 

Recurrent Neural Networks (RNNs), and 

autoencoders are among the most well-known 

deep neural networks [2].   

CNNs have generally shown remarkable 

advantages in many learning tasks, such as those 

involving visual and audio inputs [6]. 

C) Deep Reinforcement Learning 

Reinforcement learning and deep learning are 
the two components of DRL. According to the 

aforementioned sections, the deep reinforcement 

learning method can make the best judgments but 
lacks perception capacity, whereas the 

reinforcement learning method provides a robust 

representation of the environment but weak 
decision-making skills [2]. Finding a technique to 

depict the environment and simultaneously 

choose the optimal course of action is crucial.   

Deep reinforcement learning combines the 
perception ability of deep learning with the 

decision-making ability of reinforcement learning 

[14].  
Figure 3 depicts a simple deep reinforcement-

learning architecture. The agent interacts with the 

environment and observes the state  𝑠𝑡   at each 

time step 𝑡, where 𝑠𝑡  S based on the deep 

learning method. Consider each action's reward 

function before choosing action (a) from a list of 

possible actions 𝐴 = (1, 2, . . . , 𝑘) when a is at 

state 𝑠𝑡 ∈ 𝑆, where S is the set of states. As a 

result of the action, the agent will receive a 

reward 𝑟𝑡 ∈  𝑅. The environment responds to 

this action and the agent observes the following 

state: 𝑠𝑡+1 ∈ 𝑆[2]. 
 

 
Fig. 3. DRL Framework. 

III. DRL ALGORITHMS  

As shown in Fig. 4, deep reinforcement 

learning has been used to estimate value 

functions, policy functions, or both (actor-critic 

technique) [13]. Policy gradient methods, as 

opposed to value-based methods that do not 

attempt to explicitly optimize across a policy 

space, may learn parameterized policies without 

intermediary value estimation. Optimal value 

reinforcement learning algorithms include Q 

learning, DQN, double DQN, dueling DQN. 

Policy gradient algorithms include the policy 

gradient method, actor-critic algorithm, A3C, 

A2C, DPG, DDPG [15], TRPO, and PPO.  

 
 

 

 

 

 

 

 
 

 

 

 

 
 

Fig. 4. An overview of some deep reinforcement                      
learning algorithms. 

 

A) Value Based Methods 

Whereas policy-based algorithms directly 

update the control policies for an agent without 
employing value estimates, value-based 

algorithms develop control policies for an agent 

by predicting the likelihood of the agent reaching 
a certain state [16]. Value-based methods are 

reviewed briefly in this section. 
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1) Deep Q-Network (DQN) 

       The Deep Q-network (DQN), developed by 

Minh et al.[17], is the first deep reinforcement 

learning model that has been successfully trained 
in practice[18]. It is a multi-layered neural 

network that produces a vector of action values 

for a given input state and is built by fusing a 

convolutional neural network with three 
convolutional layers, two fully connected layers, 

and a Q-learning algorithm. 

A deep Q network is composed of three parts: a 

Q network that determines the policy, a target Q 
network that generates target Q values for the 

loss function, and a replay memory that stores 

training samples. 

2) Double DQN  

A modified form of the DQN and tabular 

double Q-learning techniques is called a double 

DQN [19]. To facilitate exposition, let 𝑦𝐷𝑄𝑁 

denote the target Q-value [19], 𝑦𝐷𝑄𝑁 is given by 

equation (3) as:   

𝑦𝐷𝑄𝑁 = 𝑟 + 𝛾 max
𝑎′∈𝐴

𝑄 (𝑠′ , 𝑎′; 𝜙′)                       (3) 

The same network with parameter 𝜙’ is used to 

choose (greedy) actions and evaluate actions with 

this goal Q-value,  this might result in the 
selection of overly optimistic policies, which, in 

turn, produces overly optimistic value 

estimations. By employing the target network as 

a second-value function approximator, the double 
DQN seeks a divorce action assessment from the 

action selection. Consequently, the anticipated 

target Q-value was estimated as follows : 

𝑦𝐷𝑜𝑢𝑏𝑙𝑒𝐷𝑄𝑁 = 𝑟 + 𝛾𝑄(𝑠′, argmax
𝑎′∈𝐴

𝑄(𝑠′, 𝑎′; 𝜙′) ; 𝜙′)               

(4) 

3) Dueling DQN  

According to the dueling network design, 

which consists of two sequences of completely 

linked convolution layers, Dueling DQN is 
another modified version of DQN [19]. The state 

value and advantage functions were estimated 

individually using these two sequences. The 

advantage function 𝐴𝜋(𝑠, 𝑎), which is for an 

action a, 𝜋(𝑠) from a state 𝑠 based on policy 𝜋, is 

the difference between the Q-value associated 

with this state-action pair 𝑄𝜋(𝑠, 𝑎) and the state 

value function 𝑉𝜋(𝑠). The Q function is 

calculated by combining the estimations of the 

state value function and the advantage function 
from two different sequences [19]. 

𝑄(𝑠, 𝑎; 𝜙, 𝛼, 𝛽) = 𝑉(𝑠; 𝜙, 𝛽) + (𝐴(𝑠, 𝑎; 𝜙, 𝛽) −
1

|𝐴|
∑ 𝐴(𝑠, 𝑎′;𝑎′ 𝜙, 𝛼))                                                (5) 

where α and β are the parameters of two fully 
connected layers. The key concept underlying the 

dueling network value architecture is preventing 

the needless estimation of the value of each 

action option from a state. 

B)  Policy Gradient Methods  

This section describes policy gradient (PG) 

techniques, a type of policy-based algorithm that 
is extensively employed in reinforcement 

learning. 

1) Stochastic Policy Gradient SPG 

 The most well-known class of continuous action 

reinforcement learning algorithms is the policy-

gradient algorithm. The fundamental principle of 

these algorithms is to modify policy parameters θ  

in the direction of the performance gradient 

𝛻𝜃𝐽(𝜋𝜃). The fundamental result underlying 

these algorithms is the policy gradient theorem : 

𝛻𝜃𝐽(𝜋𝜃) = ∫ 𝜌𝜋(𝑠)
𝐼

𝑠
∫ 𝛻𝜃𝜋𝜃(𝑎|𝑠)𝑄𝜋(𝑠, 𝑎)𝑑𝑎𝑑𝑠

𝐼

𝐴
    (6) 

Surprisingly, the policy gradient is 

straightforward. In particular, the policy gradient 

does not rely on the gradient of the state 

distribution 𝜌𝜋(𝑠), even when the state 

distribution relies on the policy parameters. 

2) Deterministic Policy Gradient (DPG) 

The predicted gradient of the action-value 

function is based on the DPG approach. The 

gradient of the deterministic policy can be 

estimated without employing an integral term 

over action space. It has been shown that, in a 

high-dimensional action space, DPG algorithms 

can outperform SPG algorithms.  

3) Proximal Policy Optimization (PPO) 

     The Trust Region Optimization method is 

used in Proximal Policy Optimization (PPO)[20], 

a cutting-edge policy gradient method, to ensure 

that each step in the policy optimization process 

leads to a better or the same policy, but not a 

worse one. Importance sampling is used to 

introduce the sample inefficiency problem. 
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Among the actor-critic DRL algorithms, it has 

been shown to be a particularly stable and 

dependable method. When computing gradients, 

the PPO algorithm actively restricts the 

modifications to the policy. The policy π(At|st,θ) 

maps system states (st) to Actions (At) according 

to the current parameters θ of a neural net (the 

“actor”), which, together with the parameters of 

another neural net (the “critic”) ω, are updated 

during the training process. 

C) Actor-Critic methods  

The actor changes the policy distribution 

using policy gradients in the actor’s critic 

architecture, and the critic calculates the value 

function for the current policy[21]. 

1) Deep deterministic policy gradient (DDPG) 

A model-free DRL algorithm known as a DDPG 

may work in continuous action space and is 

regarded as an actor-critic based algorithm. The 

actor acts in an environment to optimize and 

approximate its intrinsic policy using the value 

function supplied by the critic based on the 

deterministic policy gradient algorithm. After 

receiving rewards from the surrounding 

environment, the critic estimates the value 

function, which is then used to optimize the 

actor's policy approximation. Using a mini-batch 

of the same, DD will be able to make the most of 

its time in the field.  

2) Advantage actor-critic (A2C) 

 The on-policy family of policy gradient 

algorithms includes A2C. In other words, we 

cannot learn the value function by adhering to a 

different policy, indicating that we learn the 

value function for one policy while adhering to it. 

If we were to employ experience replay, for 

instance, we would adopt a different policy 

because, by learning from old data, we would be 

utilizing data produced by a policy (the network) 

that was marginally different from the state at 

hand.  

3) Advantage actor-critic (A3C) 

A3C is an asynchronous version of the 

advantage actor-critic (A2C). The policy and 

value functions are updated after 

every 𝑡𝑚𝑎𝑥  actions or when a terminal state is 

reached. The update performed by the algorithm 

can be seen as: 

𝛻𝜃′𝑙𝑜𝑔𝜋(𝑎𝑡|𝑠𝑡; 𝜃′)𝐴(𝑠𝑡 , 𝑎𝑡; 𝜃, 𝜃𝑣)                     (7) 

where 𝐴(𝑠𝑡 , 𝑎𝑡; 𝜃, 𝜃𝑣) is an estimate of the 

advantage function given by : 

∑ 𝛾𝑖𝑟𝑡+𝑖 +𝑘−1
𝑖=0 𝛾𝑘𝑉(𝑠𝑡+𝑘; 𝜃𝑣)                              

(8) 

where k varies from state to state and is upper-

bounded by 𝑡𝑚𝑎𝑥   [17]. 

IV. COMPARISON  

In this section, we compare the various deep 

reinforcement learning algorithms discussed in 

Section III. We discuss the main characteristics, 

performance of the convergence speed, and 

advantages and drawbacks of different DRL. 

Table I summarizes the results of this 

comparison. In general, it can be observed that :  

- PPO is more sensitive to modifications than 

other approaches but offers a higher rate of 

convergence and performance. Because the DQN 

alone is unstable and provides poor convergence, 

it requires several additions. 

- A3C is highly helpful when there is a 

requirement to teach the notion of transfer 

learning in comparable settings and considerable 

computing power is available. 

V. RELATED WORKS ON APPLICATIONS OF 

DRL IN MEDICINE : DISEASES DETECTION 

Robotics, computer games, and even medicine 

have benefited greatly from deep reinforcement 

learning. Medical image processing and analysis 

include complicated and crucial procedures, such 

as medical object detection and segmentation, 

which are examples of DRL applications in the 

medical industry. Their goals are to identify 

regions in medical images that have particular 

special meanings (such as lesions and vertebral 

bodies) and to classify the pixels in those regions 

into desirable objects, thereby providing a solid 

foundation for clinical diagnosis and pathological 

research to help doctors arrive at a more accurate 

diagnosis. This section focuses on the use of deep 

reinforcement learning to detect diseases, and all 
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DRL algorithms, in general, are solely supported 

by numerical experiments without any theoretical 

assumptions. Additionally, these algorithms not 

only use the experience replay and target network 

strategies proposed in the original DQN but also 

create new strategies to improve performance. 

 DRL for Lung Cancer detection  

Lung cancer is the most prevalent malignant 

tumor worldwide. Tumor localization is a crucial 

area where deep reinforcement learning can be 

used for the diagnosis and treatment of lung 

cancer. Accurate tumor localization is 

particularly important for lung cancer diagnosis, 

because it may enhance surgery and lower the 

risk of recurrence. 

Liu et al.[18] described various common deep 

reinforcement learning models[18] that have the 

potential to be utilized for lung cancer diagnosis 

and detection. They focused on value-based deep 

reinforcement learning models that have this 

potential, such as Deep Q-networks and the 

hierarchical deep Q-network (h-DQN), which 

blends deep reinforcement learning with goal-

driven intrinsic motivation and hierarchical 

action-value functions. 

Ali et al.[22]  created and validated a deep 

reinforcement learning model based on deep 

artificial neural networks for the early detection 

of lung nodules in thoracic CT scans[23], 

drawing inspiration from the AlphaGo system. 

The LIDC/IDRI database, which was maintained 

using lung nodule analysis (LUNA), served as 

the training data for our model.  

 DRL for breast lesions detection  

Breast cancer is one of the malignancies with 

the highest number of recent diagnoses 

worldwide. A detection model based on a DQN 

trained with reinforcement learning is presented 

by Maicas et al.[24] and is capable of 

accelerating the inference time of lesion detection 

from the breast[24]. This may shorten the 

inference time while maintaining the breast DCE-

MRI cutting-edge accuracy for lesion detection. 

This research was based on the method of 

Caicedo and Lazebnik et al. [25]. 

 DRL for Brain tumor detection 

Using the BraTS brain tumor imaging 

database[26], Stember et al.[27]  trained a deep 

Q-network (DQN) on 70 post-contrast T1-

weighted 2D image slices[26]  to predict the 

brain tumor location. 

 DRL for Coronary heart disease prediction 

The prediction of coronary heart disease is a 

crucial and difficult issue in the medical world. 

The asynchronous advantage actor-critic (A3C) 

method [28] is utilized to effectively address the 

issue in Li et al. [28] proposed mixed 

reinforcement multitask progressive time-series 

network (CRMPTN) model to predict the grade 

of coronary heart disease using a heart color 

Doppler echocardiography report[29]. 

VI. DISCUSSION 

DRL is a sequential procedure with shifting 

attention concentration that progressively 

accumulates evidence of confidence while 

searching for the desired object by fusing the 

potent decision-making abilities of RL with the 

potent perception of DL. Consequently, DRL 

may concurrently use its search technique and the 

presence of an object of interest to identify where 

the desired object is related to tasks involving the 

detection and segmentation of medical objects 

using a sequential procedure. Detection and 

segmentation methods may concentrate on a 

particular region and provide a more accurate 

result by using the object location as a prior. 

DRL successfully avoids slipping into 

suboptimal situations, in contrast to the 

conventional DL method, which directly predicts 

the object location using a mapping based on 

appearance. 

In general, all DRL algorithms are supported 

solely by numerical experiments without any 

theoretical assumptions. Additionally, these 

algorithms not only use the experience replay and 

target network strategies proposed in the original 

DQN but also create new strategies to improve 

performance. 
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Table 1. DRL ALGORITHMS COMPAARISON 

 

VII. CONCLUSION 

Particularly for challenging tasks involving 

ongoing decision-making, deep reinforcement 

learning models may generally outperform 

reinforcement learning approaches. Because 

these models have been shown to be effective in 

other areas of medical image analysis, they are 

expected to be employed to tackle the issue of 

disease detection and provide positive outcomes. 

These DRL-based methods have significantly 

increased the accuracy of the results, and several 

of them are now considered industry standards. 

In this article, we provide a comprehensive 

summary of current research on deep 

reinforcement learning, with an emphasis on its 

usage in medical imaging, particularly for the 

detection of diseases. As a result, we gained 

knowledge of the distinctive features of each 

DRL-based technique, including policy 

gradients, value-based methods, and actor-critic 

methods. 
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