
 

  

Abstract—Puncture robots pave a new way for stable, 

accurate and safe percutaneous liver tumor puncture operation. 

However, affected by respiratory motion, intraoperative 

accurate location of the tumor and its surrounding anatomical 

structures remains a difficult problem in existing robot-assisted 

puncture operations. In this paper, a dual-arm robotic needle 

insertion system with guidance of intraoperative 2D ultrasound 

(US) and preoperative 3D computed tomography (CT) fusion is 

proposed, addressing the shortcomings of existing puncture 

robots. To deal with the challenge of cross-modal and 

cross-dimensional registration between 2D US and 3D CT, a 

decoupled two-stage registration approach combining initial 

vessel structure-based 3D US – 3D CT registration with 

intraoperative intensity-based 2D US - 3D US registration is 

proposed. To achieve fast and robust ultrasound probe 

calibration, a method based on an improved N-wire phantom is 

proposed. Twenty puncture experiments are performed in 

different breath-holding positions on a respiratory motion 

simulation platform, and experimental results show that the 

mean puncture error is 2.48 mm, which can meet the 

requirements in a wide of clinical scenarios. 
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Note to Practitioners—In clinical percutaneous liver tumor 

puncture operation, due to the lack of real-time and clear image 

guidance, it is difficult to locate the tumor and its surrounding 

vital anatomical structures. In addition, the stability and 

accuracy of manual operation are poor. The development of a 

puncture robot is an effective solution for these problems. 

However, existing CT and magnetic resonance imaging (MRI) 

guided robots do not consider the tumor localization errors 

caused by inconsistent breath-holding positions between 

preoperative scan period and intraoperative puncture period, 

and US guided robots are limited by the poor image quality and 

the narrow field of vision. In this paper, a dual-arm robotic 

needle insertion system with guidance of intraoperative 2D US 

and preoperative 3D CT fusion is proposed. This system can 

take advantage of the real-time ultrasound and clear CT images 

at the same time, and can provide real-time, clear and all-round 

guidance for percutaneous liver tumor puncture operation, 

which has obvious advantages over the existing puncture robots. 

Phantom experiments have been completed and animal 

experiments will be carried out in the future. 

 

Index Terms—Percutaneous puncture, puncture robot, 

respiratory motion, ultrasound - CT registration, ultrasound 

probe calibration. 

I. INTRODUCTION 

ERCUTANEOUS image-guided needle insertion is a basic 

operation during the diagnosis and treatment of liver 

cancer. Whether in biopsy or ablation, needles are required to 

be accurately inserted into the tumor along the preoperative 

planned path, thereby ensuring the operation accuracy and 

safety [1]. In practice, the liver is located in the abdominal 

cavity and moves under the influence of respiration, and the 

displacement in the cranial-caudal (CC) direction can reach 

23 mm [2]. However, clinical puncture operation lacks clear 

and real-time image guidance. Although CT and MRI can 

clearly image the anatomical area of the target, they cannot 

provide real-time image guidance during needle insertion. 

Ultrasound imaging can capture the motion of the target 

anatomical area in real time, while the images are with low 

signal-to-noise ratio, poor soft tissue contrast and 2D surgical 

field of view. These problems of image guidance make it 

difficult to determine the position of the liver tumor and its 

surrounding anatomical structures during the clinical needle 

insertion operation. In addition, the accuracy and stability of 

manual operation are highly dependent on the experience and   
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attention of the doctor, especially for the ultrasound guided 

puncture, since bimanual operation has extremely high 

requirements on the two hands coordination and the hand-eye 

coordination of the doctor. 

With the development of robotics, puncture robots pave a 

new way for stable, accurate and safe puncture operation [3]. 

To reduce the impact of respiratory motion on puncture 

accuracy, most existing CT/MRI guided robots [4, 5] use a 

breath-holding puncture strategy. Preoperative scan of the 

patient in an end-expiratory breath-holding state is required to 

perform the image-to-robot calibration and plan the needle 

insertion path, then the patient holds his or her breath again, 

and the robot autonomously aligns the needle with the 

planned path and completes needle insertion. Since the 

breath-holding is subjectively controlled by the patient, it is 

difficult to ensure that the preoperative scanning phase and 

the intraoperative puncture phase are in the same 

breath-holding position. As a result, the preoperative 

calibration results are not applicable to the intraoperative 

puncture, which further leads to puncture errors. The 

commercial robot system XCAT ACE [6] overcomes the 

problem of target drift caused by inaccurate breath-holding 

position by step-by-step check and active puncture angle 

correction. However, step-by-step check increases the risk of 

radiation exposure for patients, and intraoperative puncture 

angle adjustment can cause tissue pulling and increase 

surgical trauma. There are also some CT/MRI guided 

puncture robots [7, 8] that adopt a respiratory gating approach, 

and the needle is advanced only during the static portion of 

the respiratory cycle. When the organ motion is detected, the 

needle will be released and move freely with the organ [7], or 

the robot actively follows the organ movements to avoid the 

needle pulling the tissue [8]. However, the gating strategy 

prolongs the operation time and increases the risk of surgery. 

In our previous work [9], the tumor is intraoperatively located 

by developing a model that correlates the tumor motion with 

the position of a surface marker. However, the modeling 

requires multiple preoperative CT scans, which increases the 

radiation exposure for patients. 

For the puncture robots under the guidance of real-time 2D 

US, needle insertion is generally limited in the imaging plane 

to see the target tumor and the needle at the same time from 

images [10, 11]. There is a trade-off between the optimal 

needle insertion plane and the optimal imaging plane, and the 

vital anatomical structures around the target tumor are easy to 

be mistakenly penetrated. Although flexible steerable needle 

puncture robots [12] can insert the needle according to 

complex trajectories to avoid obstacles such as blood vessels, 

rotating the needle shaft inevitably causes additional trauma 

to the patient when the needle is bent. In addition, real-time 

tracking of anatomical structures [13] and needle tips [14, 15] 

remains challenging due to the inherent defects of low 

signal-to-noise ratio and limited field of view of ultrasound 

images. 

Fusion of preoperative 3D CT/MRI images with 

intraoperative 2D US images based on image registration 

technology can provide real-time and all-round clear 

guidance for needle-based interventions [16]. 2D US – 3D 

CT/MRI registration belongs to the cross-modal and 

cross-dimensional image registration problem [17], and the 

images to be aligned are very different in terms of not only 

appearance but also fields of view. In commercial navigation 

systems, such as GE V-Nav [18], Siemens eSieFusion [19] 

and Samsung S-fusion [20], a rigid transformation that 

optimally aligns an US slice with a preoperative CT/MRI 

volume is firstly determined based on some manually 

identified anatomic fiducials. Then the transformation is 

updated in real time according to the pose change of the probe, 

which is usually measured by an optical or electromagnetic 

tracking system. Although this method has good real-time 

performance, the intraoperative real-time registration relies 

on the initial transformation. Once the target organ position 

changes due to breathing, the initial transformation no longer 

applies, which will result in alignment errors. Another 

solution is seeking a reliable cross-modal similarity measure 

criterion that quantifies the level of alignment between the 

images to be registered. Several complex cross-modal 

similarity criterions have been proposed, such as the modality 

independent neighborhood descriptor (MIND) [21], 

contextual conditioned mutual information (CoCoMI) [22] 

and their extensions. However, their robustness in the 2D US 

– 3D CT/MRI registration needs to be further verified due to 

the fact that the useful information in an ultrasound image is 

sparse and noise-corrupted. In addition, Wein et al. [23] 

converted the 2D US – 3D CT registration to the monomodal 

registration between an US image and a simulated US volume 

generated from a given CT volume. However, seeking a 

reliable simulation method of US images from CT has 

become a new challenge [24]. Recently, the explosive 

development of deep learning has paved a promising path for 

the 2D US – 3D CT/MRI registration [25]. For example, 

Markova et al. [26] used two separate feature extraction 

networks to learn dense keypoint descriptors, and RANSAC 

is deployed to align them to obtain the pose of the input 

ultrasound image relative to the input MRI volume. Guo et al. 

[27] developed an ultrasound frame-to-volume registration 

pipeline based on end-to-end deep convolutional neural 

networks. In addition, deep convolutional neural networks are 

also used to learn the cross-modal similarity criterion [28] and 

the modal translation process [29]. Even though superior 

efficiency and competitive accuracy are reported, deep 

learning models often require a large amount of data and time 

for training, and the generalization ability of the models are 

hard to guarantee. In a word, the 2D US – 3D CT/MRI 

registration remains a popular research direction in the field 

of medical image analysis and requires further study. 

US probe calibration is also a key step to determine the 

accuracy of the robotic needle insertion system with guidance 

of 2D US – 3D CT/MRI fusion [30]. US probe calibration is 

to obtain the coordinate transformation between the US 

image and the probe locator. Existing calibration methods are 

based on an artificial phantom with known geometry and with 
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a set of fiducials that can be localized both in the US images 

and by the probe locator [31]. Among these calibration 

models, the N-wire phantom [32] and its variants [33-35] 

have become the most common phantoms due to their 

advantages of simple structure, easiness to manufacture and 

operator-independence. Chen et al. proposed a closed-form 

solution of calibration parameters [33], while only the middle 

line in N-wire is used to compute the calibration 

transformation matrix, which is with low efficiency, and the 

detection accuracy of the fiducials in ultrasound images may 

lead to a skewed transformation matrix. Carbajal et al. 

proposed a cost function to take into account all the lines in 

N-wire phantom, and the cost function was iteratively 

optimized to obtain a rigid transformation matrix [34]. 

However, this method is sensitive to initial value and easy to 

get stuck at locally optimal value. 

This study aims to achieve stable, accurate and safe 

percutaneous liver tumor puncture, and focuses on solving the 

intraoperative positioning problem of tumors and 

surrounding anatomical structures in robot-assisted puncture 

operations. The main contributions of this article are listed 

below. 

ⅰ) To solve the problems of existing CT/MRI/US guided 

puncture robots, a dual-arm robotic needle insertion system 

with the guidance of intraoperative 2D US and preoperative 

3D CT fusion is proposed. 

ⅱ) To address the challenge of the cross-modal and 

cross-dimensional 2D US – 3D CT registration, a decoupled 

two-stage approach combining vessel structure-based 3D US 

– 3D CT registration with intensity-based 2D US - 3D US 

registration is proposed, and a three-level pyramid 

registration framework based on Markov Random Field 

(MRF) is adopted to optimally align the 3D US with the 2D 

US images. 

ⅲ) To improve the efficiency and robustness of ultrasound 

probe calibration, a novel N-wire phantom with multiple 

parallel-distributed interphase lines is developed, and the 

closed-form solution of optimal transformation is obtained. 

ⅳ) To test the performance of the proposed system, 

puncture experiments are performed at different 

breath-holding positions on a respiratory motion simulation 

platform.  

The rest of this paper is organized as follows. Section Ⅱ 

presents the overview of the proposed dual-arm robotic 

needle insertion system with guidance of intraoperative 2D 

US and preoperative 3D CT fusion. The proposed US probe 

calibration and 2D US – 3D CT registration methods are 

introduced in Section Ⅲ and Section IV, respectively. 

Experiments and results are presented in Section V. Finally, 

the conclusion is presented in Section Ⅵ. 

II. METHOD OVERVIEW AND SYSTEM SETUP 

A. System Setup 

Fig. 1 shows the proposed dual-arm robotic needle 

insertion system with guidance of intraoperative 2D US and 

preoperative 3D CT fusion. In this system, the accurate 

positioning of the target tumor and its surrounding anatomical 

structures under the influence of respiratory motion is 

achieved by means of the 2D US – 3D CT registration, and 

the puncture stability is achieved by replacing manual 

operation with a dual-arm robot. 

 
Fig. 1.  The developed dual-arm robotic needle insertion system with 

guidance of intraoperative 2D US and preoperative 3D CT fusion.  

The hardware of the system mainly includes two 

lightweight robot arms (UR5, Universal Robots, Denmark), a 

customized needle insertion mechanism, an ultrasound 

imaging system (Affiniti 30, Philips Inc, Holland) with a 

volume probe (V6-2, Philips Inc, Holland), a frame grabber 

(OK_VGA41A-4E+, Beijing JoinHope Image Technology 

Co., Ltd, China) and a host computer. The UR5 robot arm has 

6 degrees of freedom (DOFs) and is with repeated positioning 

accuracy of ± 0.1 mm, it can flexibly and accurately adjust the 

position and orientation of the probe and needle as needed. 

The volume probe can perform high-resolution 2D imaging 

of the human abdomen at a frequency of up to 66 Hz, it also 

can perform high-resolution 3D imaging at a frequency of 2 

Hz. The frame grabber is connected on the video output of the 

ultrasound imaging system to collect and transfer live image 

data to the host computer. The needle insertion mechanism [9] 

can achieve a needle insertion length of up to 300 mm with a 

repeated positioning accuracy of ± 0.005 mm. 

 
Fig. 2.  The transformations of the coordinate systems in the developed 
system. 

B. System Working Principle  

The transformations of coordinate systems in the 

developed system are illustrated in Fig. 2. {3DCT} represents 

the CT image coordinate system, {2DUS} represents the 

ultrasound image coordinate system, {IF} represents the end 

flange coordinate system of the imaging arm, {IB} represents 

the base coordinate system of the imaging arm, {PB} 
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represents the base coordinate system of the puncture arm, 

{PF} represents the end flange coordinate system of the 

puncture arm, {NT} represents the needle tip coordinate 

system. T3DCT
2DUS , T2DUS

IF , TIF
IB , TIB

PB , TPF
PB  and TNT

PF  represent the 

rigid transformations between related coordinate systems. 

Among these transformations, T2DUS
IF , TIB

PB  and initial TNT
PF  are 

preoperatively calibrated, T3DCT
2DUS  is intraoperatively obtained 

based on the 2D US – 3D CT registration, TIF
IB  and TPF

PB  are 

provided by the real-time robot feedback. As a result, a point 

in {3DCT} can be mapped into the puncture robot space as in 

Equation (1). 

PB PB IB IF 2DUS 3DCT

IB IF 2DUS 3DCT=P T T T T P                     (1) 

where 3DCTP represents a point in {3DCT}, and PBP represents 

the corresponding point in {PB}. 

C. Software Framework 

The developed software of the robotic system consists of 

four submodules: an image archiving and communication 

module, a system calibration module, an image analysis and 

visualization module and a needle insertion control module. 

The software is developed with the open-source Qt toolkit, 

and the data transmission among the four submodules is 

achieved with the open-source OpenIGTLink protocol [36]. 

Details about each of the four modules are given below. 

1) Image archiving and communication module. The US 

images in DICOM format can only be manually sent from the 

DICOM server of the ultrasound imaging system to the 

DICOM client of the host computer through TCP/IP protocol, 

while the frame grabber can only collect the images in JPG 

format in real time through the display port (DP) of the 

ultrasound system, thus the image archiving and 

communication module is developed to convert live JPG 

images into DICOM images according to the tag information 

in the single DICOM image received by the DICOM client, 

and then the synthesized DICOM images are archived and 

sent to other modules. This module is developed with the 

open-source DICOM Toolkit (DCMTK) [37]. To improve the 

speed of image processing, multithreading and parallel 

processing are adopted. Finally, the stable storage and 

transmission frequency of 10 Hz can be realized. 

2) System calibration module. This module is used to 

conduct US probe calibration, dual-arm calibration and 

needle tip calibration, and to obtain the transformations T2DUS
IF , 

TIB
PB  and initial TNT

PF . This module is developed with the Public 

Software Library for Ultrasound (PLUS) [38]. 

3) Image analysis and visualization module. This module is 

used to perform needle insertion path planning and 2D US – 

3D CT registration, and to monitor the needle insertion 

process by visualizing the needle, target tumor and its 

surrounding anatomical structures. This module is developed 

with the open-source 3D Slicer [39] and its extension 

SlicerIGT [40]. The refresh rate of the navigation interface is 

10Hz. 

4) Needle insertion control module. This module is used to 

communicate with the two robot arms and needle insertion 

mechanism, sending the control commands and obtaining 

their motion status. The refresh frequency of the main thread 

of this module is 20 Hz. 

III. ULTRASOUND PROBE CALIBRATION 

A. The Overall Framework of Calibration Method 

To obtain the transformation T2DUS
IF , a novel US probe 

calibration method based on an improved N-wire phantom is 

proposed in this paper. The calibration setup and 

transformations of coordinate systems involved are shown in 

Fig. 3(a). The calibtaion phantom is fixed, the imaging arm 

holds the US probe to image the fiducials in the calibration 

phantom for several times with different positions, and the 

corresponding tansformation TIB
IF  (the inverse of TIF

IB ) is 

recorded for each US image, denoted as TIB
IF

𝑖
. Denote 2DUSPij 

as the the j-th fiducial in the i-th US image, its position vector 

in the calibration phantom coordinate system {CP}is CPPij, 

and its position vector in the coordiante system {IF} IFPij can 

be calculated by two transformation routes, as shown in 

Equation (2), where, TCP
IB  is the constant transformation from 

the calibration phantom coordinate system to the base 

coordinate system of the imaging arm. 
2DUS IF CP

IF IF IB

2DUS IB CP
1 1 1

ij ij ij

i

     
= =     

     

P P P
T T T               (2) 

Thus, once the pair-wise point set {(2DUSPij, CPPij)|i=1,...,M, 

j=1,...,N} and TCP
IB  are obtained, the paired point set {(2DUSPij, 

IFPij)|i=1,...,M, j=1,...,N} can be obtained based on the right 

side route in Equation (2). Then, T2DUS
IF  can be optimized to 

align the two point sets {2DUSPij|i=1,...,M, j=1,...,N} and 

{IFPij|i=1,...,M, j=1,...,N} in the least squares sense, as in 

Equation (3). In our work, a singular value decomposition 

(SVD)-based method [41] is adopted to obatin the 

closed-form solution of the optimal rigid T2DUS
IF , improving 

the robustness of the calibration. 

( )
IF IF 3

2DUS 2DUS

2

IF IF 2DUS IF IF

2DUS 2DUS 2DUS
(3),

argmin
M N

ij ij
SO i j 

= + −
R t

T R P t P  

(3) 

where R2DUS
IF  and t2DUS

IF  are the rotation matrix and translation 

vector corresponding to the rigid transformation T2DUS
IF , 

separately. 

 
Fig. 3.  (a) The US probe calibration setup and transformations of coordinate 

systems, (b) the designed calibration phantom, and (c) the calibration of 𝑻CP
IB , 

IBPdivot is the divot position in {IB}, its corresponding position in {CP} is 
CPPdivot. 
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B. N-Wire Based Calibration Phantom 

In order to obtain the pair-wise point set {(2DUSPij, CPPij) 

|i=1,...,M, j=1,...,N} and the transformation TCP
IB , a novel 

calibration phantom is designed (Fig. 3(b)). The calibration 

phantom consists of a shell and an inner model, several small 

divots are unevenly distributed on the shell, and these divots 

are used to calculate the transformation TCP
IB . The inner model 

has some small holes with a diameter of 0.6 mm evenly 

distributed on its front and back walls, and these holes are 

used to arrange nylon wires with a diameter of 0.5 mm to 

construct N-wire structures. The shell and inner model are 

printed by a 3D printer (Lite600HD, Shanghai Union 

Technology Corporation, China) with an accuracy of ±0.1 

mm, and there is a tight fit between them. 

As shown in Fig. 3(c), the TCP
IB  is calculated as follows. 

Firstly, a stylus is installed on the imaging arm flange, and its 

tip is set as the tool center point of the robot arm. Then the 

positions of at least four divots in {IB} are measured by the 

stylus. The positions of these divots in {CP} are also known 

in the designed calibration phantom. With the corresponding 

positions of these divots in the frame {CP} and the frame 

{IB}, optimal rigid TCP
IB  can be finally obtained by the 

SVM-based method [41]. 

 
Fig. 4.  (a) Sketch of the N-wires in the calibration phantom, (b) original 

intersection points between the N-wires and the US imaging plane, (c) bright 
spots after threshold segmentation and (d) the centers (red dots) of their 

minimum envelope circles (yellow circles). 

The N-wires in the inner model are assigned as in Fig. 4(a), 

and the interphase lines are arranged in parallel so that any 

three adjacent lines can form an N-wire structure. During 

calibration, due to the presence of ultrasound imaging 

artifacts, the intersection points between the N-wires and the 

imaging plane appear as elongated bright spots in the 

ultrasound image, as shown in Fig. 4(b). Generally, the 

greater the angle between the nylon wire and the normal of 

the imaging plane, or the farther the intersection point is from 

the probe, the more obvious the artifacts. For the obtained 

ultrasound images, the central area of each bright spot is 

firstly extracted by performing personalized threshold 

segmentation to reduce the influence of artifacts on the 

detection accuracy of the intersection points, as shown in Fig. 

4(c). Then, after detecting the contours of these central areas, 

the minimum envelope circles are calculated, and their 

centers are finally regarded as the intersection points, as 

shown in Fig. 4(d).  

For the N-wire that consists of the wires AF, BG and CH, 

which intersects with the imaging plane at points P1, P2 and P3, 

these intersection locations in the ultrasound image are 

detected as 2DUSP1, 2DUSP2 and 2DUSP3, respectively. 

According to the similar triangle principle [34], as shown in 

Equation (4), CPP2 can be obtained. For the N-wire that 

consists of the wires BG, CH and DM, given 2DUSP2, 2DUSP3 

and 2DUSP4, CPP3 can be obtained in the same way. In this way, 

the intersection points between all wires and the imaging 

plane can be maximally utilized to improve the calibration 

efficiency. 
2DUS 2DUS

1 21 2

2DUS 2DUS
1 2 1 2 2 3

O P

O O O P

−
=

− −

P P

P P
                     (4) 

where |∙|  represents the length of the corresponding line 

segment. 

IV. INTRAOPERATIVE 2D US - PREOPERATIVE 3D CT 

REGISTRATION 

A. General Framework 

Given a preoperatively acquired CT volume 

𝐼3DCT: Ω3DCT ∈ ℝ3 → ℝ , and an intraoperative ultrasound 

image 𝐼2DUS: Ω2DUS ∈ ℝ3 → ℝ , in order to obtain the 

transformation T3DCT
2DUS  that optimally aligns 𝐼3DCT with 𝐼2DUS, 

a novel registration method based on decoupling strategy is 

proposed. 

 
Fig. 5.  Intraoperative 2D US - preoperative 3D CT registration. 

As shown in Fig. 5, by initially performing the 3D US 

imaging of target organ, denoting the obtained ultrasound 

volume as 𝐼3DUS: Ω3DUS ∈ ℝ3 → ℝ , the 2D US – 3D CT 

registration is decoupled as cross-modal 3D US - 3D CT 

registration and cross-dimensional 2D US - 3D US 

registration. The 3D US - 3D CT registration is conducted 

based on segmented intrahepatic vessel structures to obtain 

the transformation T3DCT
3DUS , the 2D US - 3D US registration is 

conducted based on gray-level feature to obtain T3DUS
2DUS . The 

initial 3D US volume can be obtained by robotic 3D 

ultrasound scan and reconstruction [42-44] or a 3D volume 

probe. 

B. Initial 3D US - 3D CT Registration 

Initial 3D US - 3D CT registration is performed based on 

intrahepatic vessel structures to bypass the need for 

cross-modal similarity measure criterion, and to ensure the 

registration robustness, and the workflow is shown in Fig. 6.  
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Fig. 6.  Schematic diagram of initial 3D US – 3D CT registration based on the 

point sets of vessel surface in CT and 3D US volumes. 

The intrahepatic vessels in CT images are segmented by 

the U-Net [45] mainly trained on the public MSD dataset [46]. 
For the vessel segmentation in ultrasound images, a 

cross-modal transfer learning method proposed in our 

previous work [29] is adopted. That is, ultrasound-style 

images are firstly simulated from a mass of labeled CT 

images to construct a transition dataset, which is used to 

bridge the huge domain discrepancy between CT and 

ultrasound images, then the U-Net is pre-trained with the 

transition set, and finally the trained network is transferred to 

the real ultrasound dataset with small data size for fine tuning. 

In this way, the problem of insufficient labeled ultrasound 

data in the task of intrahepatic vessel segmentation is solved. 

On the basis of the intrahepatic vessel segmentation, the 

intrahepatic vessels are reconstructed [1], and the points on 

the vessel surface in CT and 3D US images are evenly 

extracted to construct the point sets to be registered. Then the 

coherent point drift algorithm [47] is adopted to optimally 

align the two point sets, and the rigid transformation T3DCT
3DUS  is 

obtained. 

C. Intraoperative 2D US - 3D US Registration 

In the field of image registration, the methods combing 

graph model with discrete optimization have the nature of 

global search [17]. In order to obtain the rigid transformation 

T3DUS
2DUS   that can optimally align the initial 3D US with the 

intraoperative 2D US, inspired by Zikic et al. [48] and 

Porchetto et al. [49], a three-level pyramid registration 

framework based on the Markov Random Field (MRF) is 

adopted and multiple iterations are performed at each level. 

We specify the transformation T3DUS
2DUS  by 𝑝𝑎𝑟𝑎 =

(𝑟x , 𝑟y, 𝑟z, 𝑡x, 𝑡y, 𝑡z), in which (𝑡x, 𝑡y, 𝑡z) is a translation vector, 

and the Euler angles (𝑟x, 𝑟y, 𝑟z) represents a composition of 

sequential rotations about the axes Z, X, Y. In each iteration, 

we formulate the registration as a discrete labeling problem 

on a pairwise MRF with six nodes 𝐺 = 〈𝑉, 𝐸〉, as shown in 

Fig. 7, where each node represents a discrete random variable 

𝑣𝑖 ∈ 𝑉, 𝑖 = 1, … ,6, which is associated with a parameter of 

para. Given an initial transformation 𝑝𝑎𝑟𝑎0 =

(𝑟x
0, 𝑟y

0, 𝑟z
0, 𝑡x

0, 𝑡y
0, 𝑡z

0), for each variable 𝑣𝑖, set it a 𝑘𝑖-divided 

symmetric space 𝐿𝑖 of radius 𝜌𝑖 centered on its initial value, 

that is, using the label space 𝐿 = {𝐿𝑖| 𝑖 = 1, … ,6}  to 

discretize the continuous parameter space of para. Each edge 

(𝑣𝑖 , 𝑣𝑗) ∈ 𝐸, 𝑖, 𝑗 = 1, … ,6, 𝑖 ≠ 𝑗  represents the 

interdependency between the corresponding parameters. For 

the mono-modal image registration, a pairwise potential 

𝑝(𝑣𝑖 , 𝑣𝑗) in Equation (5) is associated to each edge (𝑣𝑖 , 𝑣𝑗) ∈

𝐸 to quantify the sensitivity of registration to the variations of 

the related parameters. Based on the constructed MRF, the 

optimal rigid transformation 𝑝𝑎𝑟̂𝑎 is approximately obtained 

by searching for the minimum value of Equation (6) in the 

label space L, which is solved by the Fast-PD optimization 

algorithm proposed by Komodakis et al. [50]. After each 

iteration, 𝜌𝑖 is reduced by a factor 𝜆𝑖, that is, 𝜌𝑖 = 𝜌𝑖(1 − 𝜆𝑖). 

When the sum of squared differences (SSD) [49] between the 

𝐼2DUS  and the extracted slice from 𝐼3DUS  specified by the 

current parameters is no longer reduced, or the maximum 

number of iterations is reached, the iteration is terminated and 

the iteration in the next pyramid level is started. The 

pseudo-code of the intraoperative 2D US – 3D US 

registration method is shown in Algorithm 1. 

 
Fig. 7.  Pairwise Markov Random Field with six nodes 𝐺 = 〈𝑉, 𝐸〉. 

( )  ( )2DUS , 3DUS, SSD ,i j i jp v v I para I=                (5) 

where 𝑝𝑎𝑟𝑎𝑖,𝑗 denotes the parameters after only 𝑣𝑖 and 𝑣𝑗 are 

updated from 𝑝𝑎𝑟𝑎0 , 𝑝𝑎𝑟𝑎𝑖,𝑗[𝐼3DUS]  denotes the extracted 

slice from the 𝐼3DUS  specified by the 𝑝𝑎𝑟𝑎𝑖,𝑗 , SSD(∙,∙) is to 

quantify the dissimilarity between the image 𝐼2DUS  and the 

extracted slice 𝑝𝑎𝑟𝑎𝑖,𝑗[𝐼3DUS]. 

( )
( ),

argmin ,

i j

i j
L v v E

para p v v




=                      (6) 
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Algorithm 1: Intraoperative 2D US – 3D US registration. 

Input: intraoperative 2D US image 𝐼2DUS;  3D US volume 

            𝐼3DUS ; sampling rates of three pyramid levels 

{𝑟𝑙|𝑙 = 1, 2, 3} ; initial label space radii of six 

transformation parameters for the three levels 

{𝜌𝑖,𝑙
0 |𝑖 = 1, … ,6;  𝑙 = 1, 2, 3}  ; label space reduction 

factors of the six parameters {𝜆𝑖|𝑖 = 1, … ,6}; maximum 

number of iterations for the three levels 

{𝑁𝑙|𝑙 = 1, 2, 3} ; maximum number of continuous 

iterations during which the registration performance 

does not improve  C. 

Output: optimal transformation parameters 

 𝑝𝑎𝑟𝑎 = (𝑟x, 𝑟y, 𝑟z, 𝑡x, 𝑡y, 𝑡z) 

1    𝑝𝑎𝑟𝑎 ← 𝑝𝑎𝑟𝑎0 = (𝑟x
0, 𝑟y

0, 𝑟z
0, 𝑡x

0, 𝑡y
0, 𝑡z

0) 

2    for  𝑙 = 1, 2, 3 do 

3    𝐼2DUS, 𝐼3DUS ← Sampling(𝐼2DUS, 𝐼3DUS, 𝑟𝑙 ) 

c ← 0; n ← 0 

  𝜌𝑖  ←  𝜌𝑖,𝑙
0  , 𝑖 = 1, … ,6 

4    

5    

6    while 𝑐 ≠ 𝐶  or n < 𝑁𝑙 do 

7        𝑆 ← SSD(𝐼2DUS, 𝑝𝑎𝑟𝑎[𝐼3DUS]) 

8    L ← Construct_Label_Space(para, 𝜌𝑖) 

𝑝𝑎𝑟̂𝑎 ← Fast-PD_Optimization(G, L)  
  𝑆∗ ← SSD(𝐼2DUS, 𝑝𝑎𝑟̂𝑎[𝐼3DUS]) 

if 𝑆∗  < 𝑆 do 

9    

10    

11    

12     para ← 𝑝𝑎𝑟̂𝑎; S ← 𝑆∗; c ← 0 

13    else do 

14     c ← c + 1 

15    end 

16      𝜌𝑖  ← 𝜌𝑖(1 − 𝜆𝑖) 

17    end 

18   end 

When the patients hold their breath in a position, the 3D US 

imaging and 2D US imaging are performed successively, and 

there is an inherent coordinate transformation relationship 

between the single image obtained by the 2D US imaging and 

the volume obtained by the 3D US imaging, which is denoted 

as T3DUS
2DUS

0
. Then, if the patients hold their breath in a different 

position, the relationship between the real-time obtained 2D 

US slice and the previously obtained 3D US volume will 

change, and the deviation equals to the displacement of organ. 

We use the maximum amplitude of liver motion as the prior 

information to limit the range of the discrete label space, 

which ensures the accuracy and efficiency of the registration. 

V. PHANTOM EXPERIMENTS AND RESULT 

ANALYSIS 

A. Ultrasound Probe Calibration Evaluation 

In the experiments, the imaging depth is set as 16 cm, the 

ultrasound image consists of 1024 × 768 pixels, and the pixel 

spacing is 0.25 mm × 0.25 mm. The inner model of the 

calibration phantom is arranged with four layers of N-wires, 

and the layer interval is 2 cm. The first layer has only one 

N-wire structure, other layers contain three N-wire structures 

composed of five lines (Fig. 4a), thus 10 calibration points 

can be obtained in each image. A total of 10 independent 

datasets are collected, and each set consists of 10 images with 

corresponding transformation TIB
IF . Based on these data, 10 

calibration experiments are independently performed, and 10 

calibration transformations are obtained. 

The calibration reproducibility (CR) [34] is adopted to 

quantify the precision of the method. Specifically, the center 

and four corners of the ultrasound image are selected as the 

feature points to reflect the generality. The point 

reconstruction accuracy (PRA) [34, 35] is adopted to evaluate 

the accuracy. The calibration points in the latter dataset are 

used to verify the calibration matrix obtained based on the 

current dataset, and so on, the first dataset is used to test the 

last calibration matrix. 

TABLE Ⅰ 

PRECISION EVALUATION RESULTS OF THE PROPOSED METHOD 

Points (mm) (128, 96) (0, 0) (256, 0) (0, 192) (256, 192) Mean 

CR (mm) 0.78 2.52 2.16 2.79 2.36 2.12 

TABLE Ⅱ 
ACCURACY EVALUATION RESULTS OF THE PROPOSED METHOD 

Experiments 1 2 3 4 5 6 7 8 9 10 Mean 

PRA (mm) 1.21 1.61 1.53 1.11 1.02 1.42 1.05 1.55 1.17 1.09 1.28 

The precision and accuracy evaluation results of the 

proposed method are summarized in Tables Ⅰ and Ⅱ, 

respectively. Experimental results show that the mean CR of 

2.12 mm and the mean PRA of 1.28 mm are achieved with 10 

images per calibration. Compared with the previous study, 

Carbajal et al. obtained a mean CR about 2.00 mm and a mean 

PRA around 1.40 mm with 400 images per calibration [34], 

while our method can realize similar precision and accuracy 

with fewer images. Obviously, the calibration efficiency of 

our method is higher, which is benefited from the optimized 

layout of multiple N-wires in our calibration phantom. In 

addition, our method obtains the closed-form solution of the 

rigid transformation by adopting the SVD-based method, 

which ensures the robustness of the calibration matrix 

calculation with the presence of calibration point artifacts in 

ultrasound images. 

B. 2D US - 3D US Registration Evaluation 

To evaluate the performance of the 2D US - 3D US 

registration method, independent registration experiments on 

a human abdomen model (057A, CIRS, USA) have been 

conducted. By scanning the model at different poses, 15 pairs 

of 2D US - 3D US data with true coordinate transformations 

are obtained. The region of interest (ROI) is extracted based 

on center crop method in physical space to speed up the 

registration and reduce the interference from irrelevant pixels. 

The final 3D US volume includes 460 × 375 × 128 voxels, 

and the pixel spacing is 0.34 mm × 0.34 mm × 0.66 mm. The 

final 2D US image includes 600 × 500 pixels, and the pixel 

spacing is 0.25 mm × 0.25 mm. For each pair of 2D US - 3D 

US data, three registration experiments are conducted with 

different initialization. In each experiment, transformation 

parameters are initialized by adding random deviations to the 

true values. For tx, ty and tz, the deviations are in the range of 

15 mm, and for rx, ry and rz, the deviations are in the range of 
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0.6 rad. Finally, in total 45 independent registration 

experiments are conducted. 

In the experiments, a three-level pyramid is adopted, and 

the sampling rates from top to bottom are 1/4, 1/2, and 1, 

respectively. For all the parameters tx, ty and tz, the initial 

label space radii from top to bottom are 5 mm, 3 mm and 1 

mm, for all rx, ry and rz, the initial radii are 0.2 rad, 0.15 rad, 

0.1 rad. 𝜆𝑖 = 0.1, 𝑖 = 1, … ,6, and 𝑘𝑖 = 5, 𝑖 = 1, … ,6.  The 

maximum iteration number of Fast-PD optimization 

algorithm is set as 100 times. In each level, the iteration is 

stopped when the registration performance is no longer 

improved within 30 consecutive iterations or the total 

iteration number reaches 200 times. 

All experiments are performed on a computer with 8 CPU 

cores (Intel Core i7-9700K CPU @ 3.60 GHz) and 64GB 

RAM. To evaluate the registration results quantitatively, the 

Euclidean distance between the estimated and true rotation 

vectors (rx, ry, rz) is denoted as rotation error, the Euclidean 

distance between the estimated and true translation vectors (tx, 

ty, tz) is denoted as translation error. The rotation and 

translation errors of 45 independent registration experiments 

are shown in Fig. 8. With the registration method, mean 

rotation error is reduced from the initial 0.526 rad to 0.016 rad, 

and the mean translation error is reduced from the initial 

13.39 mm to 1.94 mm. 

  
(a) Rotation errors (b) Translation errors 

Fig. 8.  Quantitative results of 45 2D US - 3D US registration experiments. 

Fig. 9 shows the registration results of the first three 

experiments, corresponding to the first pair of 2D US - 3D US 

data with the true coordinate transformation parameters (0, 0, 

0, -126.85 mm, 34.39 mm, 0). In the figure, the three rows are 

the registration results under three different initialization 

conditions. The initial slice represents the slice extracted from 

the inputted 3D US according to the initial transformation 

parameters, and the estimated slice is extracted based on the 

obtained parameters by registration. In the first row, the initial 

parameters are (0.496 rad, 0.513 rad, 0.557 rad, -114.49 mm, 

44.90 mm, 12.85 mm), while the obtained parameters by 

registration are (-0.012 rad, 0.005 rad, 0.004 rad, -127.19 mm, 

33.37 mm, 1.39 mm). In this experiment, the initial rotation 

error is 0.905 rad, and the estimated rotation error is 0.014 rad. 

The initial translation error is 20.70 mm, and the estimated 

translation error is 1.75 mm. In the second row, after 

registration, the transformation parameters change from 

(0.395 rad, 0.369 rad, 0.382 rad, -120.67 mm, 41.81 mm, 8.31 

mm) to (0.001 rad, -0.012 rad, 0.001 rad, -127.45 mm, 33.82 

mm, -1.85mm). That is, the rotation error is reduced from 

0.662 rad to 0.012 rad, and the translation error is reduced 

from 12.74 mm to 2.02 mm. In the third experiment, the 

initial parameters are (0.089 rad, 0.129 rad, 0.143 rad, 

-125.38 mm, 38.29 mm, 4.91 mm), corresponding to a 

rotation error of 0.212 rad and a translation error of 6.44 mm, 

and the estimated parameters are (0.002 rad, -0.004 rad, 0.002 

rad, -127.35 mm, 33.61 mm, -1.21 mm), corresponding to a 

rotation error of 0.005 rad and a translation error of 1.53 mm. 

These results show that our method can complete the 2D US - 

3D US registration with relatively high accuracy.  

   

   

   
2D US image Initial slice Estimated slice  

Fig. 9.  Visualization of the first 2D US - 3D US registration experiment. 

In addition, the registration time in all the experiments is 

about 2 minutes, this registration speed cannot meet the 

clinical requirements. In fact, the registration efficiency can 

be improved by using GPU acceleration methods and 

minimizing the size of the input images while preserving key 

anatomical information. In future, we will strive to decrease 

the registration time, such that the image registration and 

needle insertion operation are completed within one 

breath-holding period. 

C. Robotic Needle Insertion Experiments 

In order to evaluate the effectiveness of the proposed 

method and the performance of the developed system, needle 

insertion experiments are conducted on a respiratory motion 

simulation platform. 

 
Fig. 10. The scenarios of setting the tool center point for puncture arm.  

Before experiments, the system calibration mainly 

including dual-arm calibration and US probe calibration is

IEEE Transactions on Automation Science and Engineering (T-ASE) paper, presented at ICRA 2024, Yokohama, Japan.

IEEE Transactions on Automation Science and Engineering (T-ASE) paper, presented at ICRA 2024, Yokohama, Japan.



 

 
Fig. 11.  (a) Respiratory motion simulation platform, (b) experimental setup for robotic puncture with 2D US – 3D CT fusion guidance, (c) needle insertion path 

planning, and (d) intraoperative 2D US - preoperative 3D CT fusion result. 

firstly performed, the calibration flow is as follows. Firstly, a 

specially designed steel stylus is installed on the flange of the 

imaging arm, and the needle insertion mechanism is returned 

to zero position. Secondly, as shown in Fig. 10, the imaging 

arm is dragged so that its end stylus is in position, the 

puncture arm is dragged to make the puncture needle touch 

the stylus tip in four different postures, and the needle tip is 

set as the tool center point of the puncture arm based on an 

ordinary four-point tool center point calibration algorithm 

adopted by the UR5 robots, that is, the initial TNT
PF  is 

determined. In the same way, the imaging arm is dragged to 

make the stylus tip touch the fixed needle tip, and the stylus 

tip is set as the tool center point of the imaging arm. Next, the 

two arms are dragged to make their tool tips contact at four 

asymmetric points, and their positions in two robot base 

coordinate systems are recorded in pairs. Based on these 

pairwise coordinates, the transformation TIB
PB  is obtained by 

the SVD-based closed solution method [39], and the dual-arm 

calibration is completed. Finally, as described in Section Ⅲ, 

after the  TCP
IB  is obtained, the stylus is removed and 

ultrasound probe is installed, and the US probe calibration is 

conducted to compute T2DUS
IF . 

The respiratory motion simulation platform consists of a 

hexapod microrobot (H-840.D2, Physik Instrumente, 

German), a human abdomen model (057A, CIRS, USA) and a 

nylon support frame, as shown in Fig. 11(a). A 3D 

translational motion in Equation (7) [51] is applied to the 

microrobot to mimics the displacement of the liver during 

breathing. 

2( ) cos
2

t t
T

  
= − 

 
P a                             (7) 

where t represents the time, 𝒂 ∈ ℝ3 represents the extent of 

the motion. As reported in [52], the average motion 

amplitudes of liver in the cranial-caudal, left-right and 

anterior-posterior directions are 15 mm, 7.5 mm and 10 mm, 

respectively, thus 𝒂 = [15, 7.5, 10]T . T represents the 

period of the motion, which is set to 4 s.  

Experimental setup is shown in Fig. 11(b). In order to 

measure the puncture error, two electromagnetic positioning 

needles are used. One is inserted into the abdomen model in 

advance, and its tip is regard as the target tumor, and the other 

is used as the puncture needle. Both needle tips are tracked by 

an electromagnetic tracking system (Aurora, Northern Digital, 

Canada). After puncture, the distance between the two needle 

tips is taken as the puncture error. 

Before experiments, CT scan of the abdomen model is 

firstly conducted. Then needle insertion path is planned on 

the CT model, as shown in Fig. 11(c). At the reference 

breath-holding state t=0, the 3D US imaging of the abdomen 

model is conducted, and the 3D US – 3D CT registration is 

performed to obtain T3DCT
3DUS . The centroids of six tumors 

visible in both CT and 3D US volume are regarded as 

landmarks, and the mean Euclidean distance between the 

landmarks in 3D US volume and transformed corresponding 

landmarks in CT volume is defined as 3D US - 3D CT 

registration error, which is 1.32 mm. To test the performance 

of the proposed method, puncture experiments are performed 

in different breath-holding states. 

 
Fig. 12.  The target and five different puncture paths at t = 0.5 s. 
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Fig. 13.  Visualization of needle insertion process, (a) initial state, (b) entrance positioning, (c) inserting into liver and (d) reaching the target. 

At the breath-holding state t=0.5 s, which is with deviation 

0.15a, the 2D US imaging is firstly conducted, and T3DUS
2DUS  is 

updated from T3DUS
2DUS

0
 based on the 2D US - 3D US 

registration. The visualization of the intraoperative 2D US – 

preoperative 3D CT registration is shown in Fig. 11(d). Then, 

the planned puncture entrance point and target point in 

{3DCT} are mapped into the puncture robot space as in 

Equation (8), and the insertion depth and needle posture are 

calculated as in Equation (9)-(11). Finally, the needle 

insertion is conducted with the guidance of 2D US – 3D CT 

fusion. With the same procedure, needle insertion 

experiments are conducted in another three different 

breathing-holding states t = 1 s, 1.5 s and 2 s (with deviations 

0.5a, 0.85 a and a). At each breath-holding state, five 

punctures are repeated along different paths, and totally 20 

experiments are performed. 
PB PB IB IF 2DUS 3DUS 3DCT

IB IF 2DUS 3DUS 3DCT=P T T T T T P                    (8) 

where 3DCTP represents a point in {3DCT}, and PBP represents 

the corresponding point in {PB}. 
PB PB

entrance target 2
dep = −P P                       (9) 

PB PB PB

NT entrance target
ˆ ( ) / dep= −Y P P                (10) 

PB PB PB PB PB

NT entrance target entrance target 2

ˆ ( ) /=  X P P P P    (11) 

where PBPentrance and PBPtarget are the position vectors of the 

entrance point and target point in the coordinate system {PB}, 

dep is the insertion depth, PB𝑌̂NT
 is the Y-axis direction vector 

of the coordinate system {NT} in {PB}, and PB𝑋̂NT
 is the 

X-axis direction vector of the coordinate system {NT} in 

{PB}, which means that the X-axis of {NT} is perpendicular 

to the plane determined by the entrance point, target point and 

the origin of the coordinate system {PB}. 

The target and five different puncture paths at t = 0.5 s are 

shown in Fig. 12. Visualization of the needle insertion 

process in the first experiment at t = 0.5 s is shown in Fig. 13, 

the spatial relative positions between the target, the needle, 

and the obstacles such as blood vessels are visualized in real 

time, which enables doctors to monitor the surgical process, 

and ensures the safety of the robotic needle insertion. The 

boxplot of the puncture errors in all experiments is shown in 

Fig. 14, the mean puncture errors for each breath-holding 

state are summarized in Table Ⅲ. For all experiments, the 

mean puncture error is 2.48 mm, and the maximum puncture 

error is 3.19 mm. As described in [53], the puncture accuracy 

can meet the requirements in a wide of clinical scenarios. 

 
Fig. 14.  Boxplot of puncture errors at four breath-holding states. 

TABLE Ⅲ 
Mean puncture errors at four breath-holding states 

Breath-holding state (s) 0.5 1 1.5 2 Mean 

Mean puncture errors (mm) 2.30 2.38 2.78 2.46 2.48 

Overall, the key innovation of the developed robotic 

system lies in the fusion guidance of intraoperative 2D 

ultrasound and preoperative CT. The significance of the 

fusion guidance can be explained from two perspectives: 

respiratory motion compensation and ultrasound image 

enhancement. From the perspective of respiratory motion 

compensation, based on the proposed 2D US – 3D CT 

registration method, the spatial correspondence and 

transformation relationship between preoperative CT images 

and intraoperative anatomical structures is established by 

using the intraoperative ultrasound images as a bridge, so the 

developed robot can avoid puncture errors caused by 

inconsistent breath-holding position before and during 

surgery existing in the literature [4, 5] and [53], in which the 

3D US – 3D CT registration is used to locate the 

intraoperative tumor and its surrounding critical structures. 

Compared with the robot system XCAT ACT [6], no 
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step-by-step check is required, and compared with the robot 

in our previous work [9], multiple preoperative CT scans are 

not required, so the radiation exposure of patients should be 

less when using the robot developed in this paper. In addition, 

after the preparatory work is completed, our robot inserts the 

needle without interruption. Therefore, compared with the 

robots  adopting respiratory gating strategy [7, 8]，the actual 

needle insertion time is shorter and the corresponding 

surgical risk is lower. From the perspective of ultrasound 

image enhancement, fusing clear 3D CT images with 

intraoperative ultrasound images can provide real-time, clear, 

and all-round guidance for puncture surgery, so there is no 

need to limit the puncture path in the ultrasound imaging 

plane, thereby separating the puncture path planning from the 

selection of the ultrasound imaging plan, this is where our 

robot is superior to the robots in [10, 11]. In addition, our 

method does not require intraoperative adjustment of the 

puncture trajectory by rotating the needle shaft [12], avoiding 

additional trauma to the tissue. 

VI. CONCLUSION 

In this work, in order to solve the problems of position drift 

of tumor and poor accuracy/stability of doctors' manual 

operation in traditional percutaneous liver puncture, a 

dual-arm robotic needle insertion system with guidance of 

intraoperative US and preoperative CT fusion is proposed, 

achieving stable, accurate and safe puncture. Specifically, a 

2D US - 3D CT registration method that decouples 

cross-modality and cross-dimension is proposed, which can 

compensate for the liver motion in the case of inconsistent 

breath-holding positions between the preoperative CT scan 

phase and intraoperative puncture phase. Besides, a fast and 

robust ultrasound probe calibration method based on an 

improved N-wire phantom is proposed. To test the 

performance of the proposed system, puncture experiments 

are performed in different breath-holding states on a 

respiratory motion simulation platform, and experimental 

results show that the mean puncture error is 2.48 mm, which 

can meet the requirements in a wide of clinical scenarios. 

The main limitation of the proposed system is that 

ultrasound imaging is completed by the operator dragging the 

robotic arm. The efficiency of finding the imaging plane 

depends on the operator’s experience. Due to the damping of 

the robotic arm, it is difficult to control the appropriate 

contact force between the probe and the skin. Therefore, the 

next step is to study the robot’s automatic ultrasound imaging 

method [54] to improve efficiency and ensure imaging 

quality and patient comfort. 
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