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Abstract 

Due to its portability, non-invasiveness, and real-time capabilities, ultrasound imaging has been 
widely adopted for liver disease detection. However, conventional ultrasound examinations heavily 
rely on operator expertise, leading to high workload and inconsistent imaging quality. To address 
these challenges, we propose a Robotic Ultrasound Scanning System (RUSS) based on reinforcement 
learning to automate the localization of standard liver planes. And it can help reduce physician 
burden while improve scanning efficiency and accuracy. The reinforcement learning agent employs 
a Deep Q-Network (DQN) integrated with LSTM to control probe movements within a discrete 
action space, utilizing the cross-sectional area of the abdominal aorta region as the criterion for 
standard plane determination. Experimental results demonstrate that the system successfully 
obtained the target plane in three real-world trials. The Peak Signal-to-Noise Ratio (PSNR) is used to 
evaluate the image similarity and the average value is 21.53 dB, which verifies the effectiveness of 
the proposed method. 

Keywords: live ultrasound examination; reinforcement learning; robotic ultrasound scanning 
system 
 

1. Introduction 

Liver diseases persistently threaten human health, rendering their diagnosis and treatment a 
perennial focus of medical research. In recent years, the incidence of hepatic pathologies such as 
fatty liver disease, cirrhosis, and hepatocellular carcinoma has shown a marked increase worldwide. 
Medical imaging plays a pivotal role in the diagnostic workflow, with modalities including 
ultrasonography, computed tomography (CT), and magnetic resonance imaging (MRI). Since its 
inaugural diagnostic application in the 1940s, ultrasound (US) imaging has emerged as one of the 
most ubiquitous diagnostic modalities globally [1,2]. Owing to its portability, non-invasiveness, 
cost-effectiveness, and real-time capabilities compared to alternative imaging techniques, 
ultrasonography has been extensively adopted across medical disciplines including cardiology [3], 
urology [4], neurology [5], and obstetrics/gynecology [6], demonstrating substantial clinical utility in 
disease diagnosis and treatment. 

In standardized US examinations, standard planes refer to anatomically defined imaging planes 
established through expert consensus, which encapsulate essential structural information for 
diagnostic interpretation, biometric measurement, or interventional guidance [7,8]. The localization 
of these standardized planes facilitates clinicians’ identification of hepatic anatomical landmarks for 
diagnostic or surgical purposes [9]. However, current standard plane localization necessitates 
manual probe navigation based on real-time US image interpretation and anatomical knowledge, 
demanding sonographers’ extensive training and experience. Consequently, practitioners endure 
significant physical and cognitive burdens due to excessive workloads [10], while imaging quality 
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remains highly operator-dependent [11]. These challenges underscore the potential of autonomous 
robotic US scanning systems to mitigate user fatigue and enhance imaging consistency [12]. 

Robotic Ultrasound Scanning Systems (RUSS) represent sensor-integrated platforms capable of 
performing optimized US scanning with minimal human intervention. Such systems exhibit 
adaptive control capabilities through sensor feedback. Nakadate et al. [13,14] developed a hybrid 
robotic system combining a 6-DoF parallel manipulator with a passive serial arm, integrated with 
real-time image processing algorithms for automated localization of optimal carotid artery 
longitudinal views. Mustafa et al. [15,16] employed a commercial 6-DoF robotic manipulator with 
RGB camera guidance to autonomously screen liver regions, utilizing surface topography derived 
from abdominal RGB images. Conventional robotic US systems typically employ stereovision 
sensors for depth perception, implementing point cloud processing algorithms for 3D scene 
reconstruction and kinematics-based path optimization [17–21]. However, such scene reconstruction 
approaches face inherent occlusion challenges, particularly in marker-dependent methods, while 
their accuracy and efficiency remain constrained by 3D imaging hardware limitations. The complex 
hepatic anatomy, multiplicity of standard scanning planes, and probe-position-dependent image 
quality render surface-topography-based planning inadequate for comprehensive US path planning. 

Reinforcement learning (RL) offers a promising paradigm for autonomous US probe 
navigation. Given RL’s inherent strengths in sequential decision-making and exploratory tasks, 
increasing research efforts have focused on RL-based probe navigation. Dou et al. [22] adopted this 
methodology to fetal brain US standard plane detection. However, these approaches remain limited 
to pre-acquired 3D volume analysis rather than realtime probe control. Jarosik et al. [23] 
implemented RL agents for virtual probe manipulation in simplified static phantom environments. 
Similarly, Milletari’s work [24] demonstrated RL-based cardiac US navigation in a simulation 
environment constructed from spatially tracked US frames. Hase et al. [25] employed 2D image 
grids for RL training in sacrum localization, while it is restricted to 2-DoF translational movements 
requiring precise initialization. Li et al. [26] proposed a Deep Q-Learning framework 
accommodating 6-DoF movements while constraining probe contact, validated in a virtual spine US 
environment. Bi et al. [27] introduced VesNet-RL, a simulation-based RL framework for vascular 
standard view localization. While these researches have not applied RL algorithms on robotic US 
scanning systems in actual test environment. 

To alleviate sonographers’ workload while improving scanning efficiency and accuracy, this 
study proposes a novel robotic system for autonomous liver US scanning based on reinforcement 
learning algorithm. Section 2 details the robotic system architecture, hepatic structure segmentation 
algorithms, and RL-based standard plane localization methodology. Experimental validation 
follows in Section 3, with discussion and conclusions presented in Sections 4. 

2. Materials and Methods 

2.1. Robotic Ultrasound Scanning System Construction 

The robotic ultrasound scanning system comprises the following components: a 7 DOF robotic 
arm (Diania7 Med, Agile Robots, China), an ATI force sensor (Mini 40, ATI Industrial Automation, 
USA), and an ultrasound system (Affiniti 30, Philips, Inc., Holland) with convex array probe (C6-2), 
a control computer and a liver phantom (057A, CIRS, USA). The configuration of the robotic system 
is illustrated in Figure 1. 
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Figure 1. Configuration of the robotic ultrasound scanning system. 

The system utilizes the official C++ based API interfaces provided for the robotic arm. The 
upper computer application was developed using Qt framework (5.9.5). This integrated system 
incorporates multiple functionalities including force feedback, pose information, and real-time 
image display. For the reinforcement learning based liver ultrasound standard plane localization 
algorithm, the computational hardware configuration consists of an NVIDIA RTX 3070Ti GPU, an 
Intel i7-12700K CPU, 32GB RAM, running on Windows 10 operating system. The center point of the 
ultrasound probe’s scanning array was designated as the origin of the tool coordinate system. The 
six-axis force sensor and ultrasound probe were integrated at the robotic arm’s flange end and 
constituted the end-effector tool assembly, as shown in Figure 2a. 

  
(a) (b) 

Figure 2. (a) End-effector tool assembly model, (b) Probe coordinate system. 

2.2. Liver Standard Plane Localization 

To start the liver standard plane localization, the probe is initially perpendicularly in contact 
with the abdominal surface, with its long axis aligned parallel to the body’s longitudinal axis，as 
illustrated in Figure 2b. Then the robot, guided by a reinforcement learning agent, incrementally 
adjusts the position and orientation of the probe in order to acquire a clear and accurate image of 
the subcostal longitudinal section of the aorta. During this process, the contact force is set as 7N to 
keep stable ultrasound image quality, and the ultrasound images provide interactive information 
that serves as state feedback to the reinforcement learning agent. Based on the current state, the 
agent generates a sequence of action commands to drive the robot in executing precise movements. 

2.3. Construction and Training of the Reinforcement Learning Agent 

The training of the reinforcement learning agent requires continuous interaction with the 
environment and involves lengthy training cycles. Considering safety concerns associated with 
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training directly in a physical environment, the training is conducted within a simulated 
environment. Upon completion of training, the agent is then deployed onto the robot. Since the 
standard liver imaging planes are typically located within a fixed acoustic window, and given the 
occlusion caused by the ribs which makes full three-dimensional reconstruction of the liver 
challenging and unnecessary, a local 3D reconstruction is performed solely within the acoustic 
window containing the standard plane. This reconstructed volume serves as the simulation 
environment for the reinforcement learning agent’s training. 

The local 3D ultrasound reconstruction of the liver is implemented using the open-source 
medical software 3D Slicer, which can autonomously perform 3D reconstruction and rendering 
based on DICOM slices acquired in parallel at fixed intervals. In this study, the task of acquiring 
parallel images at fixed intervals is controlled by a robot through an auxiliary localization system 
developed with Qt. 

This study takes the identification of the standard plane of subcostal longitudinal section of the 
aorta as an example. In the ultrasound image shown in Figure 3, the completeness and clarity of the 
abdominal aorta (highlighted by the red rectangular box) serve as critical criteria for identifying the 
standard plane of subcostal longitudinal section of the aorta. Hence, these key features must be 
distinctly annotated. 

 

Figure 3. The standard plane of subcostal longitudinal section of the aorta. 

To simplify the training environment and enable the reinforcement learning agent to focus on 
scanning the liver and key anatomical structures, a deep learning model, Unet-Liver, was trained to 
segment the liver and abdominal aorta from complex ultrasound images. This model is based on 
the U-Net architecture [28], and the training workflow is illustrated in Figure 4. To ensure the 
network focuses on relevant information and meets the input requirements of Unet-Liver, the 
ultrasound images undergo cropping and padding processing. The original image size is 1024 × 768 
pixels and the processed image size is 560 × 560 pixels. The trained Unet-Liver network outputs a 
three-class segmentation map, with red indicating the liver, green representing the abdominal aorta, 
and black representing cavity. 

 

Figure 4. Training workflow of the Unet-Liver model. 
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After completing the local 3D liver reconstruction and the training of the segmentation 
network, the reinforcement learning simulation environment can be constructed. This environment 
facilitates interaction with the agent during training and consists of two main functions: state 
acquisition and action execution. The state acquisition function performs the following operations: 
first, within the local 3D liver reconstruction volume, a probe pose is randomly initialized within a 
given range. The intersection plane between the ultrasound probe at this pose and the 3D 
reconstructed liver volume is computed to generate the corresponding ultrasound image. Next, this 
ultrasound image is processed and fed into the Unet-Liver network to produce a three-class 
segmentation map. Finally, the current state is returned. The action execution function includes the 
following steps: first, the decision for the next probe movement is obtained by inputting the current 
state into the DQN network. Then, the chosen movement is executed, resulting in an updated probe 
pose and a new ultrasound image acquired at this pose. Subsequently, the reward feedback for the 
current movement is computed based on the data from the current and previous time steps. Finally, 
relevant data including the updated state are returned, concluding the current action step. This 
simulation environment provides an interactive platform for training the reinforcement learning 
agent and lays the foundation for subsequent agent training. 

The Markov Decision Process (MDP) constitutes the standard framework for reinforcement 
learning, encompassing the state space, action space, state transition function, reward function, and 
discount factor. In the task of localizing standard ultrasound planes, the true state of the ultrasound 
probe is not directly observable, resulting in a partially observable Markov decision process 
(POMDP). 

Within the reinforcement learning framework, the agent’s behavior is determined by the 
actions it executes, and the set of all possible actions is referred to as the action space. The action 
space is designed as a discrete set. All translational and rotational movements are performed within 
the end-effector coordinate. Specifically, translational movements occur along the end-effector’s X 
and Y axes with 1 mm increments, and rotational movements are executed around the 
end-effector’s Z axis in 1° increments. This action space corresponds to the probe’s three degrees of 
freedom(translational motion along the X/Y axes and rotational motion around the Z-axis).  

The state represents a comprehensive description of the environment during the agent’s 
interaction, encompassing all information necessary for decision-making. The area of the abdominal 
aorta region within the ultrasound image are utilized as observations to estimate the actual state. 

Reward is the immediate feedback provided by the environment following the agent’s action 
execution, serving to quantify the quality of that action. The reward constitutes the core driving 
force for the agent’s learning, with the ultimate goal of maximizing the cumulative reward, i.e., the 
long-term return. The design of the reward function directly impacts the agent’s learning 
effectiveness and policy optimization. The reward is designed to motivate the agent to locate the 
maximal transverse cross-section of the abdominal aorta, which corresponds to the standard plane 
of subcostal longitudinal section of the aorta. The reward design incorporates the area of the 
segmented abdominal aorta region together with the distance to the target. In the local 3D liver 
reconstruction volume, the position of the probe corresponding to the standard imaging plane is 
known. The distance to the standard plane posture can be defined as 

2 2
2 1 2 1( ) ( )td x x y y= − + −                     （1） 

where 1 1( , )x y denotes the position of the ultrasound probe corresponding to the standard imaging 

plane, 2 2( , )x y  represents the current position of the ultrasound probe, and td   is the Euclidean 
distance between the two positions. A distance-related reward can be defined for the current state 
as 

1 max( ) /d t tv d d d+= −                        （2） 

where td  denotes probe-to-target distance at the last time step, 1td +  denotes probe-to-target 

distance at current time step and maxd  denotes the maximum distance from any position within 
the defined acoustic window to the target position. In addition to the distance-based reward, the 
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score of the current state is also influenced by the reward associated with the segmented abdominal 
aorta region in the current ultrasound frame, which is defined as 

1 max( ) /s t tv g g g+= −                       （3） 

where maxg  denotes pixel number of the abdominal aorta in the standard plane, tg denotes the 
number of pixels corresponding to the abdominal aorta in the ultrasound image at the last time step, 

and 1tg +  represents the number of pixels in the abdominal aorta at the current time step. The 
reward function settings are shown in Table 1. 

Table 1. Reward Function. 

Reward Function r    Condition 
-1 Out of bounds 1 

0.5 6 0.04 0.01s dv v− + + − −  Outside the alert bounds & 1 1000 & 50tg step+ < <  
0.5 6 0.01s dv v− + + −  Within the alert bounds & 1 1000 & 50tg step+ < <  

1 max1 10( / 0.8) 6 0.04 0.01t s dg g v v++ − + + − −  Outside the alert bounds & 1 max0.8 / 0.85 & 50tg g step+≤ < <  
1 max1 10( / 0.8) 6 0.01t s dg g v v++ − + + −  Within the alert bounds & 1 max0.8 / 0.85 & 50tg g step+≤ < <  

6 0.04 0.01s dv v+ − −  Outside the alert bounds & max 1 max1000/ / 0.8 & 50tg g g step+≤ < <  
6 0.01s dv v+ −  Within the alert bounds & max 1 max1000/ / 0.8 & 50tg g g step+≤ < <  

5 1 max/ 0.85tg g+ ≥  
1 50step =  
1 Out-of-bounds refers to exceeding the predefined rectangular acoustic window specified in this 
study. The alert bounds is defined as a new rectangular region obtained by inwardly contracting the 
original acoustic window by 1 mm. The term step denotes the cumulative number of movements 
within a single episode. 

Since the reinforcement learning problem in this work involves a continuous state space and a 
discrete action space, the DQN algorithm [29] is selected for the reinforcement learning agent. As 
previously described, the process in this study is modeled as a Partially Observable Markov 
Decision Process (POMDP). To handle the uncertainties introduced by partial observability, LSTM 
units [30] are incorporated to fully exploit sequential information and to help the agent better 
understand its environment. The network architecture is illustrated in Figure 5. 

 

Figure 5. LSTM-DQN network. 

3. Results 

3.1. Three-Dimensional Reconstruction Results of Local Liver Ultrasound 

To enable the training interaction of the reinforcement learning agent, a 3D liver reconstruction 
model was required to simulate the training environment. A Qt-based auxiliary localization system 
was developed and used in conjunction with the PHILIPS Affiniti 30 ultrasound system to collect 
ultrasound data that met the reconstruction requirements. In this study, the fixed movement 
distance was set to 0.26 mm, corresponding to the pixel spacing of the DICOM images. A total of 
538 ultrasound images were acquired, as shown in Figure 6a. These images were imported into 3D 
Slicer and reconstructed along the X-axis, resulting in a local 3D liver reconstruction volume, as 
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shown in Figure 6b. A slice along the Y-axis at the center of the reconstructed volume is shown in 
Figure 6c, which clearly presents the anatomical structure of the organ. 

   
(a) (b) (c) 

Figure 6. (a) Sample of the acquired ultrasound images, (b) local 3D reconstruction volume of the liver, (c) 
reconstructed slice along the Y-Axis at the center of the reconstructed volume. 

(a) (b) (c) 

Figure 7. Example of segmentation Results. (a) Original image, (b) segmentation result of Unet-Liver, (c) 
ground truth label. 

3.2. Image Segmentation and Recognition Results 

To ensure data diversity and enhance the model’s generalization capability, the training 
dataset for the network was composed of both reconstructed ultrasound slices and real ultrasound 
slices obtained by scanning the phantom. This approach facilitates the later transfer of the 
reinforcement learning agent from the virtual environment to the real environment. A total of 310 
ultrasound images were collected, including 280 images from the 3D reconstructed volume and 30 
images from the real phantom scanning. Among the 3D reconstructed volume images, 136 were 
obtained by translational movement of the probe collected at different positions, and 144 were 
obtained by rotational movement of the probe around Z-axis with varying angles. The images in 
the dataset were annotated using LabelMe [31] and converted into final three-class label maps, 
where red indicates the liver, green indicates the abdominal aorta, and black indicates cavity. The 
310 image-label pairs were split into training, validation, and test sets in a ratio of 7:2:1, resulting in 
217 pairs for training, 62 for validation, and 31 for testing. 

The Unet-Liver model was trained on the PyCharm platform with a learning rate set to 0.0001, 
using the Adam optimizer and cross-entropy loss function. The model was trained for 100 epochs. 
The performance of Unet-Liver was evaluated using the Intersection over Union (IoU) and Dice 
metrics. On the test set, it achieved an average IoU of 0.9717 and an average Dice of 0.9838. The 
predicted segmentation maps generated by the model exhibit high similarity to the ground truth 
labels, as shown in Figure 7, demonstrating that the model meets the requirements of this study. 

3.3. Experiment Results of the Reinforcement Learning Agent  

The designed network model described above was implemented and trained based on the 
open-source deep learning framework PyTorch. The training was conducted in the simulated 
environment with the following parameters: initial learning rate set to 1e-3, which was decreased 
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by 0.5% after each episode, with a minimum learning rate of 0.00001; initial exploration rate set to 
0.9, which was also decreased by 0.5% after each episode, with a minimum exploration rate of 0.02. 
The total number of training episodes was 1500. Other hyperparameters included a hidden layer 
dimension of 128, discount factor of 0.98, target network update interval of 10 episodes, LSTM 
hidden unit dimension of 64, experience replay buffer size of 10,000, minimum buffer size for 
sampling of 500, batch size of 64, historical sequence length of 5, state dimension of 1, and action 
space dimension of 6.  

To validate the effectiveness of the reinforcement learning agent, experiments were conducted 
to acquire the standard plane of subcostal longitudinal section of the aorta. The experimental 
procedure is as follows: First, the ultrasound probe starts from a random posture within the target 
acoustic window. Then, the system begins using the trained RL agent to make decisions based on 
real-time ultrasound image inputs, autonomously controlling the robotic arm’s next movement. 
When the termination condition is met, the scanning ends and the final ultrasound image is saved. 

The system successfully obtained the target plane in three real-world trials, as shown in Figure 
8. The target ultrasound image is shown in Figure 9. The similarity between the three successfully 
acquired standard plane images and the target ultrasound image was evaluated. In this study, the 
Mean Squared Error (MSE) was used to calculate the difference between each of the three standard 
plane images and the target ultrasound image. Then, the Peak Signal-to-Noise Ratio (PSNR) was 
computed using Equation (4) to intuitively quantify the image similarity. The experimental results 
are shown in Table 2. 

225510 log( )PSNR
MSE

= ×                          (4) 

According to Table 2, the PSNR values of the three experiments are all between 20 dB and 25 
dB, with an average value of 21.53 dB. This indicates that the differences between the obtained 
standard plane images and the target ultrasound images fall within an acceptable range. 

(a) (b) (c) 

Figure 8. The ultrasound image of standard plane obtained in three experiments. 

 
Figure 9. The target ultrasound image of standard plane. 

 

Table 2. Experiment results summary. 
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   First Test Second Test Third Test Average 
MSE 539.5 351.0 505.6 465.37 

PSNR 20.8 dB 22.7 dB 21.09dB 21.53dB 

4. Discussion 

We developed a robotic system for autonomous liver ultrasound examination, and the 
reinforcement learning method is adopted to drive the robot to successfully obtain the standard liver 
ultrasound planes, ultimately realizing an autonomous, accurate, and efficient liver scanning task. 

The study began with local 3D reconstruction of liver ultrasound data, followed by the 
development of a segmentation model for the liver and abdominal aorta based on the Unet network. 
This model achieved an average IoU of 0.9717 on the test set, providing a high-fidelity simulated 
environment for reinforcement learning training. The designed reinforcement learning agent was 
then trained interactively with this environment to obtain the liver standard plane. Experimental 
validation showed that the agent successfully found the standard plane in three real-world trials. 
The PSNR values for these three experiments were between 20 dB and 25 dB, with an average of 
21.53 dB, indicating high similarity between the localized ultrasound images and the standard plane 
images, demonstrating good performance in autonomous scanning. 

Future work could focus on adopting novel methods for liver 3D reconstruction to achieve 
more accurate and complete modeling. Additionally, future efforts will consider incorporating more 
image features into the reinforcement learning agent’s reward design to provide better guidance for 
accurately locating the standard plane. Moreover, enriching the training dataset for the Unet-Liver 
network will enhance its generalization capability, leading to improved segmentation performance. 
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