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Abstract 

Machine learning using supervised approaches has been widely applied to ultrasound im-
age analysis. In contrast, reinforcement learning (RL), which is well suited for sequential 
decision-making, is underexplored. Ultrasound workflows involve sequential subtasks like 
image acquisition, quality assessment, summarization, and interpretation that can be inte-
grated into RL frameworks. This scoping review examined RL applications in ultrasound. 
A comprehensive search was conducted in Scopus, PubMed, Embase, and MEDLINE for 
studies published between 2015 and 2026. Eligible studies used RL with clinical ultrasound 
data, and the data were summarized by application area, methods, and anatomical targets. 
The review also provides a brief overview of RL concepts as foundational knowledge for 
understanding various RL formulations used. From 326 records retrieved, 39 studies were 
included. Most studies used model-free deep RL, with value-based methods being the most 
common, particularly Deep Q-Network (DQN) and its variants, on retrospective data across 
diverse anatomical targets, with breast, fetal, and uterine ultrasound being the most fre-
quently represented categories. RL was used to automate tasks including navigation, plane 
localization, landmark detection, and video summarization. RL in ultrasound imaging is an 
emerging field of research and has advantages for sequential workflow optimization tasks. 
Most approaches are at an early stage and have been tested on small datasets, lack consistent 
evaluation protocols, and report limited clinical translation. 

Keywords: reinforcement learning; ultrasound image analysis; sequential decision-making; 
healthcare applications; medical imaging 
 

1. Introduction 
Medical ultrasound (US) imaging is widely used in clinical practice for diagnostic 

and triage applications due to its low cost, portability, and ability to provide real-time 
visualization of anatomical structures [1,2]. It is commonly used both within hospital en-
vironments and in emergency care settings. The effectiveness of US imaging is often 
highly dependent on operator expertise, which affects image acquisition and interpreta-
tion [2]. Automated and computer-assisted approaches for US image analysis aim to re-
duce this dependence on the operator. Over the past decade, machine learning (ML) 
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techniques have been widely used for various US imaging tasks like segmentation [3], 
classification [4], object detection [5], and image enhancement [1,2]. Most of these ap-
proaches are based on supervised deep learning (DL) and typically learn hierarchical fea-
ture representations from labeled data. 

Clinical US examinations involve a sequence of interdependent subtasks, like image 
acquisition, quality assessment, anatomical localization, video summarization, and diagnos-
tic interpretation. For example, sonographers often follow complex and adaptive scanning 
strategies to identify diagnostically relevant images, with decisions influenced by anatomi-
cal visibility, probe positioning, and prior observations [6]. However, conventional super-
vised learning models typically treat tasks as independent prediction problems and do not 
explicitly model the sequential dependencies inherent in clinical US workflows. 

Rationale for Reinforcement Learning in Ultrasound: Reinforcement learning (RL) 
provides a natural framework for addressing such sequential decision-making problems. In 
RL, an agent interacts with an environment and learns a policy to maximize cumulative 
reward over time [7]. This formulation enables the modeling of long-term dependencies and 
adaptive decision-making based on prior actions. This makes RL particularly well-suited 
for tasks like navigation, iterative optimization, and temporal reasoning [7,8]. Deep rein-
forcement learning (DRL) extends this paradigm by integrating deep neural networks, al-
lowing agents to learn directly from high-dimensional inputs such as medical images and 
video sequences [7]. By combining representation learning with sequential decision-making, 
DRL has the potential to address complex ultrasound tasks that go beyond static prediction, 
including probe navigation, acquisition optimization, and video-based analysis. 

Despite its potential, RL in ultrasound imaging remains underexplored and frag-
mented across diverse tasks, including robotic navigation, standard-plane localization, 
segmentation, classification, quality assessment, and video summarization. Existing re-
views have mainly focused on broader areas, such as artificial intelligence in ultrasound, 
robotic ultrasound imaging, disease-specific deep learning applications, or reinforcement 
learning in medical imaging more generally. However, a focused synthesis of RL applica-
tions in clinical ultrasound image and video analysis remains lacking. In particular, there 
is a need to systematically examine how RL has been formulated in ultrasound-specific 
settings, including state-action-reward design, algorithm selection, anatomical targets, da-
taset availability, code availability, evaluation strategies, and barriers to clinical transla-
tion. Therefore, this scoping review is timely and necessary to map the current evidence, 
clarify methodological trends, and identify gaps for future ultrasound RL research. 

Objectives: The objective of this scoping review is to systematically map and synthe-
size the existing literature on the application of RL in US image and video analysis. It 
provides a structured overview of how RL methods have been formulated and applied 
across different ultrasound imaging tasks and anatomical targets, while also examining 
dataset characteristics and evaluation strategies. In addition, the review highlights key 
challenges, emerging trends, and gaps in the current literature, and offers practical guid-
ance to support researchers and clinicians in understanding, applying, and advancing RL 
methods in ultrasound imaging. 

1.1. Background and Related Work 

Deep Learning Applications in US Imaging: DL learns useful patterns directly from 
ultrasound data without relying on handcrafted features. It has been used for image in-
terpretation, measurement, and decision support [1,9,10]. DL mostly addresses computer 
vision tasks such as classification, segmentation, and detection/localization. For example, 
DL based approaches have been used to classify thyroid nodules and ovarian cancers from 
ultrasound images [11,12], segment cardiac structures [13], and detect and localize clini-
cally optimal imaging planes [14]. DL has also been extended to more advanced 
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applications that support the overall imaging pipeline like image quality assessment [15], 
US denoising [16,17], video analysis and functional assessment [18], and multimodal ap-
proaches to improve diagnostic accuracy [19,20]. However, these supervised approaches 
treat each task independently and are not designed for sequential decision-making. 

1.2. Overview of Reinforcement Learning 

RL is a learning paradigm based on interaction, where a system improves its behav-
ior through trial and error using feedback rather than labeled data [7]. This process is 
analogous to how humans learn from experience. 

1.2.1. Reinforcement Learning Framework 

The RL framework consists of three main components: an agent, an environment, 
and a reward signal. The agent represents the decision-making system, the environment 
defines the setting in which decisions are made, and the reward provides feedback on the 
effectiveness of the agent’s actions, with positive rewards encouraging desirable behavior 
and penalties discouraging unfavorable actions. As shown in Figure 1, the agent observes 
a state, selects an action according to its policy, and receives feedback from the environ-
ment in the form of a new state and reward [7]. Through repeated interactions, the agent 
learns a policy that maximizes cumulative reward over time. Unlike conventional super-
vised one-step prediction, RL can optimize delayed and cumulative rewards across a se-
quence of decisions or subtasks. 

 

Figure 1. Ultrasound-specific reinforcement learning framework. The agent observes ultrasound-
derived states, such as the current frame or slice, image patch, feature vector, or contextual infor-
mation including plane pose, probe pose, and uncertainty. Based on the learned policy, the agent 
selects task-specific actions, such as moving or rotating the probe or imaging plane, selecting or 
skipping frames, refining boundaries or masks, or adjusting weights for classification. The ultra-
sound environment then returns the next state and a task-dependent reward, which is used by the 
RL algorithm to update the policy. 

RL Framework for Ultrasound: In the context of ultrasound imaging, the agent rep-
resents the learning-based decision-making system, often implemented as a neural 
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network policy, that receives ultrasound-derived states and selects task-specific actions. 
The environment may correspond to a 3D ultrasound volume, a 2D frame sequence, or a 
localized image region. The state represents the current observation available to the agent, 
such as a frame, an imaging plane, an image patch, a learned feature representation, or 
temporal context from previous steps. The action depends on the task and may involve 
navigating the probe or imaging plane, selecting informative frames, refining a segmen-
tation boundary, or supporting a classification decision. The reward provides task-specific 
feedback on the selected action. For example, a keyframe that improves diagnostic accu-
racy may receive a positive reward, whereas a non-informative or misleading frame may 
receive a penalty. Through this feedback, the agent learns to select actions that improve 
ultrasound analysis over time. 

1.2.2. Types of Reinforcement Learning Approaches 

RL methods are commonly categorized based on whether the agent uses a model of 
the environment (Figure 2) or not. 

 

Figure 2. Categorization of RL algorithms. RL algorithms are broadly divided into model-based and 
model-free approaches. In model-based RL, the agent relies on a provided or learned model of the 
environment for planning, whereas in model-free RL, the agent learns directly from interactions with 
the environment. Because model-based RL was rarely represented in the reviewed ultrasound studies, 
the present review focuses mainly on the three major model-free categories: policy-based, value-based, 
and actor–critic methods. The dashed arrow indicates that model-based RL is included for complete-
ness, whereas the solid arrows indicate the model-free categories emphasized in this review. 

(a) Model-Based Reinforcement Learning: In model-based RL, the agent uses an explicit 
representation of the environment to predict the outcomes of actions and support 
planning. Although this can improve decision-making, constructing or learning an 
accurate environment model is often difficult in real-world medical imaging settings. 
In the reviewed ultrasound literature, model-based RL was rarely used. Therefore, it 
is included here only for completeness, and the discussion in this review focuses pri-
marily on model-free methods. 

(b) Model-Free Reinforcement Learning: In Model-free RL, instead of explicitly model-
ing the environment, the agent learns directly from experience by interacting with 
the data and receiving feedback in the form of rewards. This approach is flexible and 
has the ability to handle complex visual inputs, as seen in medical imaging. Model-
free RL methods can be broadly divided into three categories: 
i. Policy-based methods learn a direct mapping from observations (e.g., ultra-

sound images or frames) to actions by optimizing a parameterized policy. Ra-
ther than explicitly evaluating all possible actions, the model learns to select 
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actions that maximize expected reward. This makes them well suited for prob-
lems with continuous or uncertain decision spaces, such as adjusting probe po-
sition or refining anatomical views. REINFORCE is a popular policy-based al-
gorithm that updates the policy by increasing the likelihood of actions that lead 
to higher rewards. 

ii. Value-based methods learn to estimate the expected return (value) of actions in 
a given state. The agent then selects the action with the highest estimated value. 
These methods are particularly effective when the action space is discrete, such 
as selecting frames, adjusting planes in predefined directions, or navigating 
step-by-step within an image. Deep Q-Network (DQN) is a popular value-based 
approach that combines Q-learning with deep neural networks to handle high-
dimensional visual inputs. 

iii. Actor–critic methods combine both approaches by learning a policy (actor) 
while simultaneously estimating the value of actions (critic). The actor deter-
mines which action to take, while the critic evaluates the action and provides 
feedback to improve the policy. This joint framework often leads to more stable 
and efficient training and is well suited for complex tasks involving both dis-
crete and continuous decisions, such as coordinated navigation and localization 
in ultrasound. 

Deep RL: This integration of DL with RL, referred to as DRL, allows the agent to make 
decisions based on rich visual information. In DRL frameworks, neural networks are used 
to approximate key components of the RL process, such as the policy (which determines 
the action to take) or the value function (which estimates the quality of actions). For ex-
ample, convolutional neural networks are often used to extract spatial features from ul-
trasound images, while recurrent networks or temporal models may capture motion and 
context across video frames. This enables RL agents to operate effectively in complex en-
vironments where the input data is high-dimensional and continuously changing. 

In the context of ultrasound imaging, reinforcement learning has been primarily ex-
plored for tasks that involve sequential decision-making across the imaging workflow. 
These include navigation and probe guidance, anatomical plane localization, landmark 
detection, and video summarization, where the agent iteratively interacts with image data 
to optimize task-specific objectives. More recently, RL has also been investigated in image 
understanding and optimization tasks such as segmentation, classification, and quality 
assessment. These application areas are examined in detail in Section 3. 

2. Materials and Methods 
This scoping review was conducted in accordance with the Preferred Reporting Items 

for Systematic Reviews and Meta-Analyses extension for Scoping Reviews (PRISMA-ScR) 
guidelines. The review protocol was prospectively registered on the Open Science Frame-
work (OSF) and is publicly available at: https://osf.io/g2ayu (accessed on 22 April 2026). 

2.1. Eligibility Criteria 

Studies were selected based on predefined eligibility criteria, as summarized in Table 
1. Studies were included if reinforcement learning methods were developed using clinical 
human ultrasound data. Studies relying exclusively on phantom or simulated data were 
excluded. However, studies that used clinical data for model development and 
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incorporated phantom-based experiments only for evaluation or validation were consid-
ered eligible. 

Table 1. Eligibility criteria for study inclusion and exclusion in this scoping review. 

Category Inclusion Criteria Exclusion Criteria 

Study type 
Peer-reviewed articles, con-
ference papers 

Review articles, editorials, or 
commentaries 

Methodology RL or DRL applied  No RL 

Data Clinical ultrasound data  Phantom/simulated  

Population Human studies  Non-human  

Language English  Non-English  

Timeframe 2015–2026  Outside range  

2.2. Information Sources 

A comprehensive literature search was conducted across Scopus, PubMed, Embase 
and MEDLINE (via Ovid) electronic databases. The search covered studies published be-
tween 2015 and 2026, with the most recent search performed in March 2026. All retrieved 
records were imported into Covidence (Veritas Health Innovation, Melbourne, Australia), 
an online systematic review management platform, for duplicate removal, screening, and 
study selection. 

2.3. Search Strategy 

The search strategy combined keywords related to RL and US imaging. The full 
search queries used for each database are presented in Table 2. 

Table 2. Search queries used across electronic databases for identifying studies on RL in US imaging. 

Database Search Query 

PubMed 

(“reinforcement learning” OR “deep reinforcement learning” OR “q 
learning” OR “dqn” OR “actor critic” OR “policy gradient”) 
AND 
(“ultrasound” OR “ultrasonograph” OR “sonograph” OR “point of care 
ultrasound” OR “pocus”) 

Scopus 

TITLE-ABS-KEY (“reinforcement learning” OR “deep reinforcement 
learning” OR “q learning” OR “dqn” OR “actor critic” OR “policy gradi-
ent”) 
AND 
TITLE-ABS-KEY (“ultrasound” OR “ultrasonograph” OR “sonograph” 
OR “pocus” OR “point-of-care ultrasound”) 

Embase 

(“reinforcement learning” OR “deep reinforcement learning” OR “q 
learning” OR “dqn” OR “actor critic” OR “policy gradient”) 
AND 
(“ultrasound” OR “ultrasonograph” OR “sonograph” OR “point of care 
ultrasound”) 

MEDLINE 
(via Ovid) 

(“reinforcement learning” OR “deep reinforcement learning” OR “q 
learning” OR “dqn” OR “actor critic” OR “policy gradient”) 
AND 
(“ultrasound” OR “ultrasonograph” OR “sonograph” OR “point of care 
ultrasound”) 
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2.4. Data Charting Process 

Title and abstract screening were performed by two reviewers (ME and SG) in Covi-
dence. Full-text screening was then conducted by all authors, and disagreements or un-
certainties were resolved through discussion until consensus was reached. 

Data from the included studies were charted using a standardized data charting form 
developed specifically for this review. The form was designed by ME and SG to capture 
key methodological characteristics and application-specific details related to the use of 
reinforcement learning in ultrasound imaging. Prior to full data charting, the form was 
tested on a subset of studies and refined to ensure clarity, consistency, and completeness. 
Data extraction was conducted by all authors using the standardized form, and extracted 
data were reviewed by ME and SG for completeness and consistency prior to synthesis. A 
formal inter-rater agreement statistic was not calculated. 

2.5. Data Items 

For each included study, key variables were systematically charted to capture both 
methodological characteristics and application-specific details relevant to the use of rein-
forcement learning in ultrasound imaging. The selected data items were chosen to enable 
comprehensive comparison across studies and to support the identification of trends, 
strengths, and gaps in the literature. Specifically, the extracted variables included the pub-
lication year, US task category, RL algorithm used, anatomical region of interest, and da-
taset characteristics (e.g., sample size, data type, and clinical setting), as well as the avail-
ability of datasets and code, evaluation metrics, and key methodological strengths and 
limitations. To strengthen the methodological synthesis, RL formulation details were also 
summarized where reported or clearly described, including state representation, action 
space, reward design, validation maturity, and clinical readiness. 

2.6. Critical Appraisal 

As this study was conducted as a scoping review, a formal critical appraisal of the 
methodological quality of individual studies was not performed. The primary aim of this 
review was to map the extent, range, and nature of existing research, and to identify meth-
odological trends and knowledge gaps. 

2.7. Synthesis of Results 

The charted data were synthesized using a narrative analysis approach. Studies were 
grouped according to ultrasound task categories and the RL methodologies employed. 
The synthesis focused on identifying common RL formulations and algorithmic ap-
proaches, dataset characteristics and availability, evaluation metrics and validation strat-
egies, as well as methodological strengths, limitations, and emerging trends within the 
field. This approach enabled a structured comparison of studies across different applica-
tion domains and supported the identification of patterns in the use of RL within ultra-
sound imaging workflows. 

In addition to the study-level summary, a compact task-level methodological taxon-
omy was developed to improve cross-study comparability. This taxonomy summarized 
recurring RL formulations across ultrasound task categories, including state representa-
tion, action space, reward design, evidence maturity, and clinical readiness. Because the 
included studies were heterogeneous in anatomy, dataset size, validation design, and per-
formance metrics, the taxonomy was intended as a qualitative synthesis rather than a for-
mal quality score or quantitative ranking of methods. 

This structured approach enabled a comprehensive mapping of the existing literature 
on reinforcement learning in ultrasound imaging. By applying predefined eligibility cri-
teria, systematic screening procedures, and a standardized data charting process, this 
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review ensured consistency and transparency in study selection and analysis. The ex-
tracted data provide a broad overview of application domains, methodological ap-
proaches, and anatomical targets, forming the basis for identifying key trends, common 
design patterns, and existing gaps in the field. 

3. Results 
A total of 326 records were identified and imported into Covidence for screening. 

Following import, 14 duplicates were identified manually, and an additional 99 duplicates 
were removed automatically by the platform, resulting in 213 unique records for screen-
ing. Title and abstract screening were performed on these 213 records, after which 69 stud-
ies were deemed potentially eligible and selected for full-text review. 

Following full-text assessment, 30 studies were excluded based on predefined eligi-
bility criteria. The primary reasons for exclusion included the use of only phantom or sim-
ulated ultrasound data, absence of reinforcement learning methodologies, use of non-clin-
ical or non-human datasets, non-English publications, and inappropriate study designs. 
A total of 39 studies met all inclusion criteria and were included in the final synthesis. The 
study selection process is summarized in the PRISMA flow diagram Figure 3. 

 

Figure 3. PRISMA flow diagram of study selection. 

The characteristics of the included studies are summarized in Table 3. The extracted 
information includes the study authors, RL algorithms used, US application domain, da-
taset characteristics, and dataset availability. Table 3 summarizes the characteristics of the 
39 included studies across US application domains, reinforcement learning (RL) methods, 
and dataset properties. The studies span the period from 2019 to 2026, with a noticeable 
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increase in publications in recent years, reflecting growing interest in RL for US imaging. 
Although the search window covered studies published from 2015 to 2026, the earliest 
study meeting the eligibility criteria was published in 2019. The included studies cover a 
range of task categories, including navigation guidance, plane localization, video summa-
rization and keyframe extraction, segmentation, classification, landmark detection, qual-
ity assessment, and training optimization. Among these, navigation and plane localization 
represent a substantial portion of the literature, while segmentation and classification are 
less frequently explored. 

Across tasks, a variety of RL algorithms were employed. Value-based methods, par-
ticularly DQN and its variants, including DDQN and dueling DQN, were the most com-
monly used, accounting for 26/39 studies (~67%). Policy-based methods, such as REIN-
FORCE, were used in 6/39 studies (~15%), while actor–critic approaches, including PPO 
and TD3, were reported in 7/39 studies (~18%). 

The applications spanned diverse anatomical regions. Because some studies ad-
dressed more than one anatomical target, anatomical counts were treated as non-mutually 
exclusive. Breast and fetal ultrasound were the most represented categories, each appear-
ing in 7/39 studies (~18%), followed by uterine imaging in 6/39 studies (~15%). Spine ap-
plications were reported in 4/39 studies (~10%), while cardiac and prostate applications 
each appeared in 3/39 studies (~8%). Carotid, musculoskeletal, and thyroid applications 
were represented in 2/39 studies each (~5%). Other anatomical targets, including bladder, 
brain, kidney, lung, ovarian, and vascular ultrasound, were each explored in only 1/39 
study (~3%). Therefore, the total number of anatomical assignments exceeded the number 
of included studies. 

Data availability was limited across the reviewed studies. Most studies used private 
datasets (28/39 studies, ~72%), while 5/39 studies (~13%) reported that data were available 
upon request. Fully public datasets were used in only 2/39 studies (~5%), and another 2/39 
studies (~5%) used partially available data, such as a publicly available test set. In addition, 
2/39 studies (~5%) used mixed data sources. Source code availability was also limited, 
with code reported as available in only 7/39 studies (~18%), while 32/39 studies (~82%) did 
not report publicly available code. Dataset sizes varied widely, ranging from small cohorts 
of fewer than 10 subjects in some navigation studies to larger cohorts of more than 1000 
subjects in applications such as plane localization and training optimization. 

Table 3. Study-level characteristics of reinforcement learning applications in ultrasound image anal-
ysis. 

Task  Study (Year) 
RL 

Method ROI 
Data 

(Avail.) 
Size 

(Subjects) 
Code 

(Avail.) 

Navigation 
Guidance 

H. Hase et al., 
2020 [21] DQN Spine Request  34 ✓ 

Y. Chen et al., 
2021 [22] TD3 Kidney Private  5 ✗ 

K. Li et al.,  
2022 [23] DQN Spine Private 17 ✗ 

C. Shen et al.,  
2023 [24] DQN Heart Private 13 ✗ 

G. Ning et al.,  
2023 [25] PPO Vascular Private 20  ✗ 

K. Su et al.,  
2024 [26] DQN Thyroid  Request 19 ✓ 

Y. Shida et al., 
2025 [27] 

DQN  Heart Private 24 ✗ 
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K. Su et al.,  
2025 [28] 

PPO Carotid Private 10 ✗ 

X. Wang et al., 
2025 [29] PPO Spine Private 5 ✗ 

H.-L. Hsu et al., 
2026 [30] DQN Bladder Private 14 ✗ 

Plane Localiza-
tion 

H. Dou et al., 
2019 [31] DDQN Fetal brain Private - ✗ 

X. Yang et al., 
2021 [32] 

Dueling 
DQN 

Fetal 
brain/Fetal 

abdo-
men/Uterus 

Private - ✓ 

X. Yang et al., 
2021 [33] DDQN 

Uterus/Fe-
tal  

brain 
Private 476 ✗ 

Y. Zou et al., 
2022 [34] 

Dueling 
DQN 

Uterus/Fe-
tal brain 

Private - ✗ 

J. Huang et al., 
2023 [35] 

DDQN Fetal face Private 1250 ✗ 

B. Jiang et al., 
2024 [36] 

DDQN Fetal head Private 6 ✗ 

Summarization 
and Keyframe 

Extraction 

T. Liu et al., 
2022 [37] 

REIN-
FORCE 

Fetal US Private 50 ✗ 

R. Huang et al., 
2022 [38] 

REIN-
FORCE 

Breast Private 653 ✗ 

R. P. Mathews 
et al., 

2023 [39] 

REIN-
FORCE Lung US Private 40 ✗ 

S. Ghosh et al., 
2025 [40] DQN 

Shoulder 
rotator cuff 

tendon 
Private 114 ✗ 

S. Ghosh et al., 
2025 [41] 

DQN Wrist Private 100 ✗ 

Y. Huang et al., 
2026 [42] 

REIN-
FORCE 

Uterus Private - ✓  

Segmentation 

N. Karuna-
nayake et al., 

2023 [43] 
PPO Breast 

Partial (test 
set availa-

ble) 
- ✗ 

W. Yi et al., 
2024 [44] 

PPO Prostate Private 249 ✗ 

Y. Huang et al. 
2025 [45] 

DDQN Breast Request BUS: 1892,  
ABUS: 605 ✗ 

Classification 

C. Narmatha et 
al., 2023 [46] 

HHO-
DQN  

Ovarian Public - ✗ 

X. Xie et al., 
2024 [47] 

DQN Thyroid Private 203 ✗ 

Landmark De-
tection 

G. Leroy et al., 
2020 [48] DQN Brain  

Partial (test 
set availa-

ble) 
72 ✓ 

S. Lian et al., 
2021 [49] 

DQN Carotid  Request 95 ✗ 
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Q. Y. Ran et al., 
2023 [50] 

DQN Spine Request 12 ✗ 

Quality Assess-
ment 

S. U. Saeed et 
al., 2021 [51] DQN Prostate Private - ✗ 

S. U. Saeed et 
al., 2021 [52] PPO Prostate Private 249 ✗ 

P. Jarosik et al., 
2021 [53] DQN Breast Private - ✗ 

S. Liu et al., 
2023 [54] DQN  Fetal brain Private - ✗ 

A. Saadat et al., 
2026 [55] DDQN Heart Private - ✓  

Training Opti-
mization 

R. Huang et al., 
2021 [56] 

REIN-
FORCE Breast Mixed 835 ✗ 

S. Chen et al.,  
2026 [57] 

REIN-
FORCE Breast Mixed 2811 ✓ 

Y. Liu et al.,  
2025 [58] DQN Breast Private 357 ✗ 

P. P. Phatale et 
al., 

2025 [59] 
DQN Fetal US Public 1792 ✗ 

Dataset size is reported as the number of subjects, as described in the original studies. Image-, 
frame-, video-, and volume-level counts were omitted to improve consistency across studies. 

Because detailed study-level characteristics and individual RL algorithms are already 
presented in Table 3, Table 4 provides a compact task-level taxonomy focused on how RL 
is formulated across ultrasound applications. The table summarizes the main state, action, 
and reward components, along with qualitative evidence maturity and clinical readiness. 

Table 4. Compact methodological taxonomy of reinforcement learning formulations across ultra-
sound task categories. 

Task/Stud-
ies 

State Action Reward Evidence Ma-
turity  

Clinical Readi-
ness 

Navigation 
guidance 
[21–30] 

Current ul-
trasound im-

age, probe 
position, or 

scanning 
context 

Move the 
probe, adjust 
the scanning 
path, or stop 
when the tar-

get view is 
reached 

Better target-
view acquisi-
tion, image 

similarity, scan-
ning success, or 
measurement 

agreement 

Early to inter-
mediate 

Limited clinical 
workflow valida-

tion 

Plane local-
ization 
[31–36] 

Current 2D 
plane sam-
pled from a 

3D ultra-
sound vol-

ume 

Shift, rotate, or 
stop the virtual

plane search 

Smaller dis-
tance or orien-

tation error 
from the target 
standard plane 

Intermediate 
Prospective 

workflow testing 
needed  

Video sum-
marization 

and 
keyframe 
extraction 

[37–42] 

Frame-level, 
slice-level, or 
video-level 

features 

Select, skip, or 
rank 

frames/slices 

More repre-
sentative, di-

verse, or diag-
nostically use-
ful summaries 

Early to inter-
mediate 

Heterogeneous 
evaluation met-

rics 
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Segmenta-
tion [43–45] 

Image patch, 
edge map, 

contour posi-
tion, or le-
sion-region 

context 

Move along a 
boundary, 
trace a con-
tour, or re-

move candi-
date regions 

Better bound-
ary agreement 
or lesion locali-

zation 

Early to inter-
mediate 

Limited external 
validation 

Classifica-
tion [46,47] 

Image fea-
tures or diag-
nostic repre-

sentation 

Choose or re-
fine the diag-
nostic class  

Correct classifi-
cation or im-
proved diag-
nostic perfor-

mance 

Early feasibil-
ity 

Limited clinical 
evidence  

Landmark 
detection 
[48–50] 

Current 
landmark es-

timate and 
surrounding 
image con-

text 

Move the esti-
mated land-

mark position 

Lower land-
mark localiza-

tion error 
Intermediate 

Clinical robust-
ness remains un-

derexplored 

Quality as-
sessment 
[51–55] 

Image/video 
quality fea-

tures or 
downstream-

task infor-
mation 

Enhance, se-
lect, reject, or 

choose the 
most useful 
view/image 

Better image 
quality, task 

usefulness, or 
acquisition effi-

ciency 

Early to inter-
mediate 

Quality defini-
tions vary 

Training 
optimiza-

tion  
[56–59] 

Training 
feedback, 

class distri-
bution, 

model out-
put, or sam-
ple informa-

tiveness 

Select samples, 
adjust weights, 

or balance 
training data 

Better model 
performance, 
robustness, 

class balance, 
or annotation 

efficiency 

Intermediate Indirect clinical 
relevance 

Evidence maturity and clinical readiness were summarized qualitatively from reported study char-
acteristics and are not intended as formal evidence grading. 

Table 4 shows that RL is most often used to support sequential decisions in ultra-
sound workflows, including navigation, search, selection, localization, quality assessment, 
and training optimization. Because state, action, and reward definitions vary by clinical 
task and data type, the table is intended to summarize recurring formulation patterns ra-
ther than rank individual methods or compare performance directly across tasks. 

The included studies were grouped according to the ultrasound tasks addressed. The 
main categories identified were autonomous navigation, plane localization, video sum-
marization and keyframe extraction, segmentation, classification, landmark detection, 
quality assessment, and training optimization. Within each category, studies were synthe-
sized based on their RL formulations, algorithms, dataset characteristics, and methodo-
logical contributions. A visual summary of the distribution of studies by application cat-
egory, anatomical target, and RL algorithm category is provided in Figure 4. 
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Figure 4. Visual synthesis of included reinforcement learning studies in ultrasound imaging. (a) 
Distribution of included studies by ultrasound application category. (b) Anatomical targets repre-
sented across the reviewed studies. Anatomical counts were treated as non-mutually exclusive be-
cause some studies addressed more than one anatomical target. (c) Distribution of reinforcement 
learning algorithm categories, showing the predominance of value-based methods, particularly 
DQN and its variants, compared with policy-based and actor–critic approaches. 

3.1. Autonomous Navigation Using RL 

Ultrasound probe navigation is a key aspect of image acquisition and often requires 
a high level of operator skill. RL-based automated navigation using robotic systems has 
been proposed for spinal [21,23,29], cardiac [24,27], vascular [25], thyroid [26], carotid [28] 
and abdominal [22,30] US. These approaches aim to reduce dependence on operators per-
forming the examination and to lower the risk of repetitive stress injuries for sonographers. 
Early approaches to autonomous probe navigation focused on incorporating image and 
force feedback into the kinematics of robotic control systems. However, these models were 
based on simplified assumptions about the scanning environment and the properties of 
anatomical tissues, which do not always hold in practical scenarios. RL offers an elegant 
framework for incorporating environmental uncertainty into the robotic system. In this 
formulation, the current probe position is considered the state, and a finite set of actions 
is used to guide positioning. In most cases, the reward is defined in terms of similarity to 
ultrasound images acquired by an expert sonographer. The papers reviewed in this study 
primarily used either actor–critic methods or DQN as the underlying reinforcement learn-
ing algorithms. 
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Spine Imaging: H. Hase et al. developed an automatic spine image acquisition ap-
proach using DQN [21]. This approach utilized memory buffers and a binary classifier to 
terminate the scanning task. It was prospectively evaluated based on policy correctness 
and reachability on 34 subjects. Similarly, K. Li et al. developed a DQN-based approach 
to guide probe navigation toward different standard views of the spine [23]. This model 
was trained on 14 subjects and tested on 3 subjects, using SSIM with manually acquired 
standard images as the evaluation metric. In more recent work, X. Wang et al. developed 
a dual-agent-based robotic ultrasound path planning approach for spine imaging based 
on an actor–critic model [29]. Similar to Li et al., this approach was also validated using 
SSIM on 5 subjects. 

Cardiac: C. Shen et al. developed a DQN-based approach for robotic cardiac ultra-
sound scanning that autonomously acquires high-quality 2D standard planes [24]. The 
DQN was trained on data from 13 subjects and tested on a cardiac phantom to evaluate 
the SSIM between automatically and manually acquired images. Similarly, Y. Shida et al. 
developed a DQN-based approach for autonomous cardiac imaging based on an opti-
mized search behavior generation algorithm [27]. This approach was evaluated on 24 sub-
jects in terms of the probability of reaching the optimal solution and inspection time. 

Other Use Cases: K. Su et al. proposed a DQN-based approach for fully autonomous 
robotic ultrasound for thyroid scanning [26]. This study was conducted on 19 subjects, 
where TI-RADS scores assigned by experts were compared with those generated by the 
autonomous scanning system. K. Su et al. extended this work for autonomous carotid 
scanning using PPO, DQN, and Rainbow DQN algorithms. The study included 10 subjects, 
with performance evaluated on a smaller test subset of 2 subjects, using SSIM with expert-
acquired images as the main evaluation metric [28]. Ning et al. proposed a PPO-based 
decoupled control strategy for autonomous vascular ultrasound imaging [25]. Y. Chen et 
al. used an actor–critic model to train a robotic system to acquire kidney images [22]. This 
approach was evaluated on 5 subjects in terms of measurement error with respect to man-
ually acquired images. Hsu et al. developed an RL-based active-guidance approach for 
ultrasound bladder scanning [30].  

3.2. Plane Localization Using RL 

Similar to probe navigation, identifying the standard plane is also a crucial task in 
ultrasound scanning. For instance, in fetal imaging, clinically meaningful anatomical 
planes are identified for performing clinical measurements. Early attempts to automate 
this task used supervised deep learning approaches in which the model estimates the po-
sition and orientation of the standard plane from image data [14,60]. While DL approaches 
have been successful, they analyze each plane independently and often ignore temporal 
information from adjacent frames. RL uses an alternative formulation for plane localiza-
tion that models standard plane localization as a sequential navigation task. The agent 
iteratively adjusts the position and orientation of a virtual plane within a 3D US volume 
until the target anatomical plane is reached. 

Across the reviewed studies, a consistent RL formulation is observed. The state typ-
ically corresponds to the currently sampled 2D plane from the 3D volume, sometimes 
combined with previous observations for temporal context. The actions represent discrete 
transformations of the plane pose, such as small rotations or translations. The reward is 
designed to encourage probe movements that bring the predicted plane closer to the an-
notated ground-truth plane based on geometric distance or orientation differences. 

Early RL works such as H. Dou et al. introduced a framework in which a Deep Q-
Network agent iteratively searches for the target plane starting from an initialized posi-
tion, which was extended upon in subsequent works [31]. X. Yang et al. proposed a mod-
ified approach to improve search efficiency and robustness through adaptive termination 
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strategies and evaluation across multiple anatomical planes [32]. Similarly, X. Yang et al. 
proposed a collaborative multi-agent framework that enables simultaneous localization 
of multiple anatomical planes through communication between agents [33]. Later studies 
focused on improving the representation and contextual understanding of the search pro-
cess. For example, Y. Zou et al. introduced an alternative parameterization of plane pose 
using tangent-based representations and incorporated anatomical perception modules to 
improve search stability and robustness [34]. Subsequent work by J. Huang et al. explored 
methods for incorporating additional anatomical cues, such as segmentation guidance, to 
facilitate more reliable plane localization [35]. More recently, B. Jiang et al. proposed the 
use of multiple orthogonal plane observations to provide richer contextual information 
during the search process, addressing the ambiguity associated with single-slice observa-
tions [36]. 

3.3. Summarization and Key Frame Extraction Using RL 

Ultrasound videos are increasingly used alongside conventional 2D imaging in a 
range of clinical applications. However, most frames within an ultrasound video are re-
dundant or diagnostically less informative, creating a need for automated video summa-
rization and keyframe extraction. RL provides a natural framework for this task by for-
mulating frame selection as a sequential decision-making problem, in which an agent 
learns to identify a compact subset of informative frames while preserving clinically rele-
vant content. 

Across the reviewed studies, the state generally consisted of frame-level image fea-
tures, temporal embeddings, or spatiotemporal representations extracted from ultra-
sound video sequences. The action space typically involved selecting, skipping, or rank-
ing frames, while reward functions were designed to balance representativeness, diversity, 
diagnostic relevance, temporal coverage, or downstream task performance. Early studies 
primarily used policy-gradient formulations. For example, T. Liu et al. introduced a pol-
icy-gradient RL framework with a Bi-LSTM policy network for fetal ultrasound video 
summarization, optimizing a composite reward based on representativeness, diversity, 
and diagnostic relevance [37]. R. Huang et al. later proposed a C3D–BiLSTM-based RL 
framework for breast ultrasound summarization, incorporating spatiotemporal feature 
learning to improve keyframe localization and support downstream classification under 
class imbalance [38]. 

Subsequent studies extended RL-based summarization to additional anatomical re-
gions and methodological settings. R. P. Mathews et al. applied an unsupervised multi-
latent space RL formulation to lung ultrasound video summarization, highlighting the 
trade-off between high compression and preservation of diagnostically useful information 
[39]. More recently, DQN-based approaches were explored by Ghosh et al. for pediatric 
wrist ultrasound video summarization and later extended to shoulder ultrasound for 
identifying keyframes relevant to rotator cuff tear assessment [41,40]. In addition, Y. 
Huang et al. introduced a hybrid framework combining RL-based slice selection with dif-
fusion models and uncertainty-aware learning for pelvic ultrasound, demonstrating how 
RL can be integrated with newer generative and uncertainty-aware methods [42]. 

Overall, the summarization studies show a methodological progression from early 
policy-gradient models toward DQN-based and hybrid frameworks that combine RL with 
spatiotemporal feature learning, uncertainty estimation, or downstream diagnostic objec-
tives. However, reported performance metrics varied across studies, including F1-score, 
precision, recall, compression rate, classification accuracy, and localization performance. 
Because these studies differed in anatomy, dataset size, video acquisition protocol, vali-
dation strategy, and evaluation metric, their performance results should be interpreted 
descriptively rather than as directly comparable measures of algorithm superiority. 
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3.4. Segmentation Using RL 

US segmentation is well researched using both traditional image analysis and ma-
chine learning approaches. Early approaches use handcrafted features and prior assump-
tions about image structure, such as boundary continuity and intensity variation [61]. 
With the emergence of deep learning, segmentation has been predominantly formulated 
as a supervised learning problem, where models learn to generate pixel-wise segmenta-
tion masks directly from imaging data [3,62,63]. 

RL offers an alternative formulation for US segmentation. Instead of predicting the 
segmentation mask in a single forward pass, RL-based methods model segmentation as a 
sequential decision-making process, in which agents iteratively explore the image to iden-
tify object boundaries or regions of interest. Segmentation is formulated as iterative spatial 
exploration, with agents performing actions such as patch navigation, contour tracing, or 
region erasing, guided by reward functions that encourage boundary localization or le-
sion isolation. The primary objective is to delineate tissues or organ boundaries that are 
of clinical interest. 

The RL formulation defines the state as the local image or contour context; the action 
performs a discrete local update such as moving to a new patch, following an edge trajec-
tory, or erasing a pixel/voxel. The reward encourages behavior that improves boundary 
localization. For example, W. Yi et al. formulate segmentation as boundary localization, 
where a PPO-based agent navigates image patches to identify prostate boundary regions 
under weak supervision [44]. Similarly, Karunanayake et al. propose a multi-agent RL 
framework for cooperative contour tracing, in which multiple agents move along edge 
maps to construct breast tumor boundaries [43]. More recently, Y. Huang et al. introduced 
an erasing-based formulation, where DDQN agents progressively remove super pixels or 
super voxels until the lesion classification changes, enabling segmentation from bound-
ing-box supervision in both 2D BUS and 3D ABUS [45]. All these approaches model 
boundary localization as an iterative process and evaluate performance using standard 
segmentation metrics such as Dice similarity. 

3.5. Classification Using RL 

Traditional image classification tasks are typically formulated as supervised learning 
problems, where a CNN learns a mapping from input images to a particular class label. 
The motivation for adopting RL in classification lies in its ability to incorporate sequential 
reasoning, dynamically focus on informative features, and optimize decision policies be-
yond fixed loss functions. This could be particularly beneficial in medical imaging tasks, 
where ambiguity, noise, and limited labeled data can challenge conventional supervised 
approaches. 

RL reformulates classification as a sequential decision-making problem in which the 
classification process is modeled as a Markov Decision Process (MDP), where the state 
represents the current representation of the input image (e.g., extracted features or inter-
mediate network outputs). The action corresponds to selecting a class label or refining 
feature selection, and the reward is defined based on the correctness of the prediction or 
improvement in classification confidence. Through iterative interaction with the environ-
ment, the RL agent learns a policy that optimizes long-term rewards. 

Some works have explored RL-based classification. C. Narmatha et al. proposed a 
hybrid HHO-DQN-based RL framework for ovarian cyst classification using US images 
[46]. The approach integrates CNN-based feature extraction with a DQN, where Harris 
Hawks Optimization (HHO) is employed to optimize DQN hyperparameters for im-
proved learning. Similarly, X. Xie et al. proposed a reinforced computer-aided diagnosis 
framework for thyroid cancer using ultrasound imaging by formulating the task as an 
MDP [47]. Their method integrates collaborative deep learning with RL to optimize 
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feature selection and diagnostic decisions, achieving improved classification accuracy 
over standard deep learning-based methods. 

3.6. Landmark Detection Using RL 

Landmark detection has traditionally been addressed using supervised learning 
methods, in which models are trained to predict landmark coordinates or heatmaps di-
rectly from annotated data. RL reformulates landmark detection as a sequential decision-
making problem. An agent iteratively refines landmark locations by interacting with the 
image environment and receiving reward-based feedback. This allows the model to focus 
on regions of interest in a step-by-step manner, improving localization accuracy. RL-based 
approaches also provide flexibility in incorporating spatial constraints and adaptive 
search strategies. Typically, the state represents the current estimate of the landmark lo-
cation along with local image features, the action corresponds to spatial movements or 
adjustments of the landmark position, and the reward is defined based on the reduction 
in localization error or proximity to the ground-truth landmark. 

A communicative RL framework was introduced by G. Leroy et al. for landmark de-
tection in brain images, employing multiple agents that collaboratively localize anatomi-
cal structures [48]. By enabling information exchange, the method improves search accu-
racy compared to single-agent approaches. Extending this direction, S. Lian et al. intro-
duced an RL-based learning-to-learn framework that dynamically optimizes the objective 
function for landmark detection using heatmap regression [49]. Ran et al. focused on spi-
nal landmark detection in 3D US images for scoliosis assessment, where a multi-scale RL 
agent is employed to iteratively localize anatomical landmarks [50]. By incorporating 
structure-aware representations and filtering strategies, the approach achieves improved 
localization accuracy and supports reliable 3D spine curvature estimation. 

These studies model landmark detection as an iterative search process guided by RL, 
where agents progressively refine predictions rather than performing one-step regression. 
Despite differences in architectures- ranging from multi-agent communication to meta-
learning and multi-scale strategies- they consistently leverage reward-driven optimiza-
tion to improve localization accuracy, robustness to variability, and adaptability to com-
plex anatomical structures. 

3.7. Quality Assessment Using RL 

Quality assessment can also be reformulated as a sequential decision-making prob-
lem. In this setting, the state typically represents the input image, extracted quality-related 
features, or downstream task information. The action may involve assigning a quality 
score, selecting or rejecting an image, choosing an enhancement operation, or deciding 
whether additional imaging is needed. The reward is usually based on agreement with 
expert assessment, improvement in image quality, or improvement in downstream task 
performance. This formulation enables adaptive quality evaluation driven by feedback 
rather than fixed predefined criteria. 

The reviewed studies can be broadly grouped into two directions: image-enhance-
ment-based approaches and task-driven quality assessment approaches. In the first direc-
tion, P. Jarosik et al. proposed a pixel-wise RL framework, known as pixelRL, for US image 
denoising [53]. In this approach, each pixel is treated as an agent that iteratively selects 
filtering actions, such as Gaussian, median, and bilateral filtering, to enhance image qual-
ity. The method was evaluated on breast US images with synthetic noise and showed im-
provements in PSNR and SSIM compared with noisy inputs. This study illustrates how 
RL can support local, interpretable, pixel-level enhancement decisions. 

A second direction focuses on task-driven image quality assessment, where quality 
is defined by the usefulness of an image for downstream analysis rather than by visual 
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appearance alone. S. U. Saeed et al. proposed an RL framework for task-amenable image 
quality assessment, in which a controller network learns to select or reject images based 
on their contribution to downstream tasks such as classification and segmentation [51]. 
The method jointly trains a target-task predictor and a selection policy, using validation-
set performance to guide the reward. In subsequent work, the same authors introduced a 
meta-RL framework for image quality assessment, where an RL-based IQA agent is 
trained with a task predictor to generalize across different quality definitions with limited 
supervision [52]. Similarly, S. Liu et al. introduced an RL framework for task-aware image 
quality evaluation, where the agent selects images according to their contribution to 
downstream classification or segmentation performance [54]. 

RL has also been used for active and personalized image acquisition. A. Saadat et al. 
proposed a personalized RL framework for active echocardiographic video acquisition in 
aortic stenosis diagnosis, where an RL agent sequentially selects the most informative 
views [55]. The method dynamically determines whether additional imaging is required, 
aiming to optimize both diagnostic accuracy and acquisition efficiency. 

Across these studies, RL-based quality assessment differs from conventional quality 
scoring by linking image quality to adaptive decision-making or downstream task perfor-
mance. However, the definition of “quality” varied across studies, including denoising 
quality, expert agreement, task usefulness, diagnostic informativeness, and acquisition ef-
ficiency. This heterogeneity limits direct comparison across methods and highlights the 
need for standardized quality definitions, validation strategies, and clinically meaningful 
evaluation criteria in future RL-based ultrasound quality assessment studies. 

3.8. Training Optimization Using RL 

RL has also been explored for optimizing training pipelines in ultrasound-based deep 
learning. Unlike task-level applications such as navigation, localization, or segmentation, 
these studies use RL to adaptively control aspects of model development, including data 
selection, modality fusion, loss weighting, and sampling strategy. This is particularly rel-
evant in ultrasound imaging, where datasets are often small, imbalanced, redundant, het-
erogeneous, or expensive to annotate. Across the reviewed studies, the state generally 
represented information from the training process, such as image features, modality-spe-
cific predictions, class distribution, sample informativeness, model performance, or train-
ing dynamics. The action space varied by objective and included selecting informative 
samples, assigning modality weights, adjusting loss or class weights, and balancing real 
and synthetic data. Rewards were commonly linked to downstream performance, includ-
ing accuracy, sensitivity, F1-score, AUC, annotation efficiency, or robustness to missing 
data. 

Several studies used RL to improve data efficiency and training robustness. R. Huang 
et al. introduced an RL-based adaptive multimodal fusion strategy, where an agent 
learned optimal weighting across ultrasound imaging modalities to improve classification 
performance and robustness to missing data [56]. P. P. Phatale et al. proposed a DQN-
based active learning framework for fetal ultrasound, in which the agent selected informa-
tive samples for annotation to reduce labeling effort while maintaining classification per-
formance [59]. Other studies focused on class imbalance. Y. Liu et al. proposed an RL-
based dynamic loss reweighting strategy for imbalanced ultrasound data [58], while S. 
Chen et al. introduced a REINFORCE-based class-adaptive sampling framework for long-
tailed breast ultrasound classification, dynamically balancing real and synthetic data to 
improve rare-class recognition [57]. 

Overall, these studies show that RL can support ultrasound AI not only during image 
interpretation, but also during model training by improving data efficiency, class balance, 
and robustness. However, reported outcomes varied across studies, including accuracy, 
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sensitivity, F1-score, AUC, annotation reduction, and robustness measures. Because the 
studies differed in task objective, dataset size, class distribution, modality setting, and val-
idation protocol, their results should be interpreted descriptively rather than as directly 
comparable evidence of superiority. 

3.9. Cross-Sectional Patterns Across Studies 

Across the included studies, several methodological patterns were observed beyond 
the individual task categories. RL was most frequently applied to ultrasound problems 
that naturally involve sequential decisions, including probe navigation, plane localization, 
landmark detection, keyframe selection, quality assessment, and training-data optimiza-
tion. In these settings, the agent is not simply making a one-step prediction, but is instead 
learning a policy for a sequence of actions guided by task-specific feedback. 

A consistent relationship was observed between task formulation and algorithm 
choice. Value-based methods, especially DQN and its variants, were common in tasks 
with discrete action spaces, such as moving a virtual plane, selecting a frame, adjusting a 
landmark location, or choosing among predefined navigation steps. Actor–critic methods 
were more frequently used in robotic navigation or path-planning problems, where the 
control setting may be more complex. Policy-gradient methods were mainly used in sum-
marization and training-optimization studies, where the agent selected informative 
frames, slices, modalities, or samples to improve downstream performance. 

The relationship between datasets and performance metrics was less consistent. 
Studies varied substantially in anatomical target, data type, cohort size, scanner setting, 
validation strategy, and reported metrics. For example, navigation and plane-localization 
studies often used geometric, reachability, or image-similarity metrics, whereas segmen-
tation studies used overlap-based metrics, summarization studies used frame-selection or 
downstream diagnostic metrics, and training-optimization studies used classification or 
annotation-efficiency outcomes. Because these metrics evaluate different objectives, they 
should not be interpreted as directly comparable measures of algorithm superiority. 

A qualitative assessment of validation maturity also showed that most studies re-
main at an early feasibility or intermediate methodological-validation stage. Early feasi-
bility studies generally used small or private datasets, internal validation, controlled en-
vironments, or proof-of-concept evaluation. Intermediate studies typically included 
larger datasets, more detailed ablation experiments, partial data or code availability, or 
more clinically realistic evaluation settings. Few studies provided evidence of prospective, 
multi-center, real-time, or workflow-based validation. Therefore, although RL shows 
strong potential for ultrasound tasks that require adaptive decision-making, the current 
evidence base remains insufficient to support broad clinical deployment. 

4. Discussion 
This scoping review highlights several emerging trends in the application of RL to 

US image analysis. Overall, RL remains a relatively underexplored approach compared 
with conventional supervised deep learning methods, but the existing studies demon-
strate its potential across multiple tasks involving sequential decision-making. The task-
level taxonomy further shows that RL has mainly been used where ultrasound analysis 
can be formulated as a sequence of decisions rather than as a single static prediction. 

Across the reviewed literature, RL has been most frequently applied to navigation 
and localization-related tasks, including probe guidance, anatomical landmark detection, 
and standard plane localization. These tasks align naturally with the RL framework, as 
they involve iterative interactions with the imaging environment, where an agent adjusts 
its actions to reach a target anatomical structure or optimal imaging view. This reflects the 
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real-world process of ultrasound acquisition, which relies on continuous feedback and 
adaptive probe manipulation. 

In contrast, RL for traditional pixel-wise image analysis tasks such as segmentation 
is less common. Similarly, applications in classification, diagnostic decision-making, and 
image quality assessment remain relatively limited. These observations suggest that RL is 
currently being explored primarily as a complementary approach rather than a replace-
ment for conventional deep learning models, often within hybrid frameworks in which 
deep neural networks provide feature representations while RL governs decision policies. 

From a methodological perspective, most studies rely on value-based RL approaches, 
particularly variants of DQN. These methods are widely adopted due to their relative 
simplicity and compatibility with image-based state representations. The predominance 
of value-based methods likely reflects the nature of many ultrasound tasks reviewed, in-
cluding probe navigation, plane localization, landmark detection, and frame selection, 
which are commonly formulated as sequential decision-making problems with discrete 
action spaces. In such settings, value-based approaches are relatively straightforward to 
implement and have demonstrated effectiveness in learning image-guided search and 
navigation policies. In contrast, policy-based and actor–critic methods, which may be ad-
vantageous for continuous control problems, have been explored less frequently in the 
current ultrasound literature. This indicates that current research has primarily focused 
on discrete decision-making tasks and relatively simple action policies. 

A cross-sectional comparison also shows that reported performance metrics are 
closely tied to task formulation and therefore cannot be compared directly across all stud-
ies. Navigation and plane-localization studies commonly used reachability, geometric er-
ror, orientation error, image similarity, or measurement agreement. Segmentation studies 
used overlap-based segmentation metrics, while summarization and keyframe extraction 
studies reported frame-selection, compression, localization, or downstream diagnostic 
metrics. Training-optimization studies focused on classification performance, robustness, 
class imbalance, or annotation efficiency. These differences indicate that the field lacks a 
unified benchmarking framework and that current performance results should be inter-
preted within each task context rather than as direct evidence that one RL algorithm is 
broadly superior to another. 

Overall, RL has primarily been explored in ultrasound imaging for navigation, local-
ization, frame selection, and other sequential decision-making tasks, while its application 
to broader diagnostic workflows remains limited. The field is promising but still method-
ologically fragmented, with substantial heterogeneity in state-action-reward design, da-
taset availability, validation protocols, and clinical evaluation. 

4.1. Methodological Challenges 

Several methodological challenges are consistently observed across the literature. A 
central issue is the design of reward functions, which varies substantially between studies 
and strongly influences performance. This variability limits direct comparability across 
datasets and applications. However, reward design should not be viewed only as a limi-
tation; it is also one of the main methodological contributions of RL. In ultrasound appli-
cations, the reward function defines what the agent is encouraged to optimize, such as 
target localization, anatomical visibility, image quality, diagnostic usefulness, frame di-
versity, classification performance, or efficient acquisition. Some studies, particularly in 
video summarization and keyframe extraction, addressed reward design by testing dif-
ferent combinations of reward terms. These reward-specific ablation studies show that 
individual reward components can substantially affect model behavior and task perfor-
mance. However, such analyses were not reported consistently across all ultrasound RL 
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applications, and the clinical or task-specific interpretation of each reward term was not 
always clearly justified. 

Future ultrasound RL studies should therefore make reward design more transpar-
ent and clinically grounded. Authors should explicitly report each reward component, 
explain why it is relevant to the ultrasound task, and evaluate its contribution through 
reward-specific ablation studies whenever possible. Multi-objective, hierarchical, uncer-
tainty-aware, and human-in-the-loop reward formulations may also help balance compet-
ing goals in ultrasound workflows, such as diagnostic usefulness, anatomical consistency, 
uncertainty reduction, efficient acquisition, and patient comfort. More consistent report-
ing of state, action, reward, and termination criteria would improve reproducibility and 
make comparisons across studies more meaningful. 

Another methodological challenge is the reliance on strong supervision or con-
strained initialization strategies. For example, plane localization methods often depend 
on ground-truth annotations and warm-start initialization, which can restrict exploration 
and limit the ability of models to perform fully autonomous search. In these studies, learn-
ing objectives and evaluation are commonly based on geometric similarity to annotated 
target planes, using measures such as distance error, angular deviation, or structural sim-
ilarity. Although useful for controlled evaluation, these metrics may not fully reflect clin-
ical usefulness or robustness in real-world scanning conditions. 

RL-based models are also generally more complex than conventional supervised ap-
proaches, often requiring multiple engineered components and careful tuning. This in-
creases computational cost and may limit scalability and real-time applicability, as train-
ing often requires substantial time and access to GPU-accelerated resources. Furthermore, 
performance variability across studies suggests limited generalizability, influenced by dif-
ferences in dataset size, imaging modality, anatomical region, scanner type, and acquisi-
tion protocol. 

Evaluation protocols also remain inconsistent, particularly for tasks such as video 
summarization and quality assessment, where standardized metrics are lacking. This 
makes cross-study comparison difficult and limits the ability to establish best practices. 
Additionally, many approaches are developed and evaluated in simplified or controlled 
environments, which may not fully reflect real-world clinical variability. 

4.2. Dataset Limitations and Reproducibility 

A consistent limitation across the reviewed studies is the reliance on small, single-
center, and often private datasets. Most studies used limited numbers of patients, images, 
videos, or imaging volumes, which restricts the generalizability and robustness of the pro-
posed RL methods. In addition, datasets varied widely in anatomical region, scanner type, 
acquisition protocol, operator expertise, image quality, and annotation strategy. This het-
erogeneity makes it difficult to compare methods directly across studies or determine 
whether reported performance would generalize to different clinical environments. 

External validation was also limited across the included literature. Most studies were 
evaluated retrospectively using internal datasets, while few reported testing across inde-
pendent institutions, scanners, operators, or patient populations. As a result, the current 
evidence remains largely feasibility-focused, with limited support for real-world clinical 
deployment. This is particularly important in ultrasound, where image appearance can 
vary substantially depending on probe position, operator experience, patient body habi-
tus, scanner settings, and acquisition protocol. 

Reproducibility remains another major challenge. Many studies used proprietary 
clinical datasets, and public access to datasets and source code was limited. This restricts 
independent validation, benchmarking, and fair comparison between RL approaches. 
Overall, these limitations highlight the need for larger and more diverse datasets, external 
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validation, standardized reporting, open data and code sharing where possible, and re-
producible benchmarks to support the development and clinical translation of RL-based 
ultrasound methods. 

To improve reproducibility, future studies should report RL design and validation 
details in a standardized way. At minimum, authors should clearly describe the state rep-
resentation, action space, reward components and weights, termination criteria, training 
environment, exploration strategy, hyperparameters, train-validation-test split strategy, 
and whether splitting was performed at the patient, image, frame, video, or volume level. 
For clinical ultrasound applications, studies should also report scanner type, acquisition 
protocol, operator experience where available, annotation procedure, evaluation metrics, 
and failure cases. Reward-specific ablation studies, external validation across scanners or 
institutions, prospective testing, and the release of code, trained models, or de-identified 
datasets where feasible would substantially improve comparability and independent ver-
ification. 

4.3. Clinical Relevance, Validation Maturity, and Deployment 

Although RL shows strong potential for modeling ultrasound workflows, a clear gap 
remains between methodological development and clinical use. Most studies were evalu-
ated retrospectively on curated datasets, with limited real-time, prospective, or external 
validation. As a result, it remains unclear how well these methods generalize across dif-
ferent institutions, scanners, operators, patient populations, and acquisition protocols. 

To clarify the level of evidence across the field, the included studies can be inter-
preted qualitatively according to validation maturity. Early feasibility studies generally 
demonstrate that an RL formulation is technically possible, but often rely on small da-
tasets, controlled environments, internal validation, or private data. Intermediate valida-
tion studies include stronger methodological evaluation, such as larger datasets, ablation 
experiments, more realistic testing environments, or partial availability of data or code. 
Translational or clinically mature studies would require prospective evaluation, external 
validation, multi-center testing, real-time implementation, workflow integration, user in-
teraction studies, or evidence that the system improves clinical decision-making or patient 
outcomes. Using this qualitative interpretation, most of the reviewed literature remains 
in the early feasibility or intermediate validation stage. Some studies provide promising 
technical demonstrations, including robotic navigation, standard-plane localization, 
frame selection, segmentation, and training optimization. However, few studies provide 
evidence of prospective clinical testing, multi-center generalization, or routine workflow 
deployment. Therefore, clinical readiness remains limited across the field. 

This is especially important in ultrasound, where image quality and anatomical ap-
pearance can vary substantially depending on probe position, operator experience, scan-
ner type, and patient-specific factors. Many RL-based methods are developed under con-
trolled conditions, which may not fully reflect routine clinical variability. Therefore, mod-
els that perform well in single-center or retrospective settings may not show the same 
reliability in real-world practice. While RL-based approaches may improve adaptive guid-
ance, efficiency, and workflow integration, their impact on diagnostic accuracy, clinical 
decision-making, user experience, and patient outcomes remains insufficiently estab-
lished. Studies should therefore evaluate RL systems in real clinical workflows and assess 
how they interact with clinicians and sonographers during ultrasound acquisition and 
interpretation. 

4.4. Future Directions 

Future studies should focus on making RL-based ultrasound methods more reliable, 
reproducible, and useful in real clinical settings. One important direction is to design 
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better reward functions. In ultrasound, goals such as image quality, diagnostic confidence, 
correct probe movement, and clinical usefulness are difficult to measure with simple re-
wards. Future work may benefit from using expert knowledge, uncertainty-aware meth-
ods, and human feedback during model development. Reward functions should be clini-
cally interpretable, and individual reward components should be evaluated through ab-
lation studies whenever possible. 

More research is also needed in anatomical regions that are still less explored. Cur-
rent studies have focused more on fetal, breast, vascular, cardiac, and abdominal ultra-
sound. However, areas such as musculoskeletal, pediatric, emergency and point-of-care, 
thyroid, renal and urinary tract, pelvic, and lung ultrasound have received less attention. 
These areas may benefit from RL for probe guidance, view selection, image quality assess-
ment, keyframe selection, and temporal analysis. 

Future work should also use larger and more diverse datasets, test models across 
different hospitals and ultrasound machines, and evaluate them in real-time clinical set-
tings. Standard reporting of state, action, reward, training strategy, interaction type, vali-
dation method, and performance metrics would make studies easier to compare. In par-
ticular, future papers should clearly distinguish whether the RL agent interacts with a 
physical robotic system, a simulated or reconstructed 3D ultrasound volume, an offline 
video sequence, an image-analysis model, or a training pipeline. This distinction is im-
portant because clinical readiness differs substantially between robotic acquisition, offline 
image interpretation, and model-training optimization. 

Open datasets, shared code, and reproducible benchmarks are also important. Ad-
vanced RL methods such as hierarchical RL, multi-agent RL, offline RL, safe RL, and hu-
man-in-the-loop RL should be explored further to improve stability, efficiency, interpret-
ability, and clinical translation. However, these methods should be evaluated using clini-
cally meaningful validation protocols rather than only task-specific technical metrics. Fu-
ture studies should therefore include external validation, scanner- and operator-level ro-
bustness testing, failure-case analysis, and assessment of how RL-based tools affect clini-
cal workflow, user confidence, and diagnostic decision-making. 

4.5. Limitations of the Review 

This review has several limitations. First, it was restricted to studies involving clinical 
ultrasound data. Studies based exclusively on phantom or simulated datasets were ex-
cluded, which may have limited the scope of methodological insights, particularly be-
cause many reinforcement learning approaches are initially developed and validated in 
simulated environments. Second, only English-language publications were included, and 
the literature search was limited to selected databases. Although major databases were 
searched, relevant studies indexed elsewhere, unpublished work, or preprints may have 
been missed. Third, given the rapid evolution of reinforcement learning and medical im-
aging research, additional studies may have emerged after the search date and are there-
fore not captured in this review. 

Another limitation relates to the heterogeneity of the included studies. The reviewed 
papers varied substantially in ultrasound task, anatomical region, dataset size, imaging 
protocol, RL formulation, validation approach, and performance metric. As a result, direct 
quantitative comparison or pooling of results was not appropriate. Instead, the findings 
were synthesized narratively to map the current evidence, identify methodological trends, 
and highlight research gaps. Finally, as this was a scoping review, we did not perform a 
formal risk-of-bias assessment or quantitative methodological quality scoring of individ-
ual studies. Instead, we provided a qualitative discussion of recurring methodological 
limitations, including small datasets, limited external validation, heterogeneous reward 
formulations, inconsistent reporting of state-action-reward designs, and restricted 
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availability of public datasets and source code. Therefore, this review provides a broad 
picture of current research trends, rather than a formal comparison of study quality or 
model performance. 

The evidence maturity and clinical readiness categories used in this review were 
qualitative descriptors based on reported study characteristics and were intended to sup-
port interpretation, not to provide a formal evidence-grade rating. 

5. Conclusions 
This scoping review mapped the current landscape of reinforcement learning (RL) in 

ultrasound image analysis and showed that the field, although still emerging, is expand-
ing across a diverse set of applications. Among the 39 included studies, RL was applied 
most frequently to tasks that naturally involve sequential decision-making, particularly 
navigation guidance, plane localization, landmark detection, and video summarization. 
Across these applications, value-based methods—especially DQN and its variants—were 
the dominant approach, while policy-based and actor–critic methods were less common. 
Overall, the literature indicates that RL is particularly well suited to ultrasound workflows 
in which decisions are interdependent and must be optimized over time. 

The review also highlights that RL is not a replacement for conventional deep learn-
ing, but rather a complementary paradigm that enables dynamic, reward-driven decision-
making on top of learned image representations. This is especially relevant for ultrasound, 
where image acquisition, localization, quality assessment, and interpretation often occur 
as iterative and interactive processes. However, the current evidence base remains limited. 
Most studies rely on small, single-center, private datasets, retrospective or internally fo-
cused evaluation, heterogeneous reward formulations, and inconsistent validation proto-
cols. Public datasets, shared source code, prospective validation, and standardized bench-
marking frameworks also remain scarce, limiting reproducibility, comparability, and clin-
ical translation. 

Anatomically, the reviewed literature is unevenly distributed. RL applications have 
been explored more frequently in areas such as fetal, breast, vascular, cardiac, and ab-
dominal ultrasound, while several clinically important ultrasound domains remain un-
derexplored. In particular, musculoskeletal ultrasound, pediatric ultrasound, emergency 
and point-of-care ultrasound, thyroid ultrasound, renal and urinary tract ultrasound, pel-
vic ultrasound, and lung ultrasound have received limited attention. This imbalance sug-
gests that the potential of RL has not yet been fully examined across the broader range of 
ultrasound applications where adaptive acquisition guidance, quality assessment, view 
selection, or temporal reasoning may be valuable. 

Taken together, RL holds meaningful promise for next-generation ultrasound sys-
tems, particularly in applications requiring adaptive guidance, temporal reasoning, and 
workflow optimization. However, its clinical utility is not yet established. Further pro-
gress will require larger and more diverse clinical datasets, clearer reporting of state-ac-
tion-reward formulations, clinically meaningful reward designs, standardized evaluation 
protocols, external validation across scanners and institutions, and prospective real-time 
testing in clinical workflows. This review therefore serves as both a summary of current 
developments and a practical entry point for future research in this evolving field. 
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