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 a b s t r a c t

Open tumor resection is one of the most commonly used treatments for malignant liver tumors. 
The ability to accurately locate the liver tumor during the operation is the key to the success of 
the operation. Intraoperative liver tumor localization remains challenging due to tissue deformation 
and intraoperative imaging limitations. This paper proposes a dual-constraint framework that syn-
ergistically integrates liver surface deformation and vascular biomechanical modeling to resolve this 
problem. Liver surface registration captures global deformation using a fast finite-element model (18 s), 
while vascular topology matching refines internal tumor displacement by enforcing correspondence 
between preoperative and intraoperative vessel trees. This synergistic strategy leverages both external 
and internal anatomical cues to achieve robust localization. Evaluated on 13 clinical cases, our 
method achieved sub-millimeter tumor localization accuracy (1.68  ±0.22 mm). Compared to single-
constraint methods (LTLS: 2.04  ±0.26 mm; LTBV: 2.23  ±0.31 mm), our approach reduced error by 
24%–37% without increasing runtime. This clinically efficient method shows promise for improving 
intraoperative guidance during liver tumor ablation.
© 2025 The Author(s). Published by Elsevier B.V. on behalf of Shandong University. This is an open access 

article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).
1. Introduction

Hepatic neoplasm usually refers to a tumor lesion that oc-
curs in the liver. The liver is one of the most prone sites for 
tumors. According to the current research results, most liver 
tumors belong to malignant tumors and need timely surgical 
treatment [1,2]. According to the U.S. Centers for Disease Control 
and Prevention, there are more than 60 million new cases of liver 
cancer worldwide each year, with Asian countries accounting for 
more than half of those cases [3]. Several studies have shown 
that open resection of liver tumors is the preferred treatment 
for malignant liver tumors. The purpose of the cure is achieved 
through the complete removal of tumor tissue. In addition to 
open tumor surgery, there are currently some treatment methods, 
including radiofrequency ablation, radiation therapy, molecular 
targeted therapy, minimally invasive surgery, etc [4–6]. However, 
due to the rapid spread and complex structure of malignant liver 

∗ Corresponding author.
E-mail addresses: zhangfengfeng@suda.edu.cn (F. Zhang), blu@suda.edu.cn 

(B. Lu).
1 The two authors contribute equally to this work.
https://doi.org/10.1016/j.birob.2025.100257
2667-3797/© 2025 The Author(s). Published by Elsevier B.V. on behalf of Shandong U
(http://creativecommons.org/licenses/by/4.0/).
tumors, open liver tumor resection is the most commonly used 
treatment for malignant liver tumors.

In the surgical treatment of open malignant liver tumors, the 
risk of surgery and the efficacy of treatment often depend on the 
ability to accurately locate the liver’s internal anatomy and the 
liver tumor’s incision point [7,8]. Surgical removal of a malignant 
liver tumor requires careful planning based on the location of the 
liver tumor and the blood vessels hidden inside the liver. This 
surgical program aims to ensure a sufficient resection margin of 
the liver tumor, maximize the preservation of good liver tissue, 
and minimize the damage to important blood vessels. Compared 
with preoperative liver CT images, intraoperative liver deforma-
tion is inevitable due to surgical procedures and patient position 
changes [9,10]. These deformations will directly affect the preop-
erative planning of liver tumor resection, resulting in the inability 
to accurately locate the liver tumor during the operation, and thus 
unable to achieve the ideal surgical effect.

Recent studies have shown that the average size of the surface 
deformation of the liver before and during open liver surgery has 
exceeded 7 mm, and the most considerable deformation is even 
greater than 20 mm [11]. In the context of introducing artifi-
cial intelligence into medical images [12,13], many studies have 
niversity. This is an open access article under the CC BY license
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considered the problem of intraoperative liver deformation, and 
various methods have been developed to compensate for intra-
operative liver deformation [14–16]. The most widely used is the 
registration of preoperative and intraoperative liver anatomical 
information so that the anatomical structure of the intraopera-
tive liver can be obtained. The earliest registration methods for 
preoperative and intraoperative liver models mainly used rigid 
registration. However, this method does not consider intraopera-
tive deformation of the liver. Hence, the obtained intraoperative 
anatomical structure of the liver needs to be more accurate, and 
the effect of liver tumor localization needs to be improved [17]. 
In order to solve this problem, the linear elastic biomechanical 
model is introduced into the rigid registration, and a non-rigid 
registration method is formed [18]. This method has been proved 
in many studies and has achieved a good compromise effect on 
the registration accuracy, calculation time, and model complexity 
of the liver model.

The traditional open liver tumor resection is difficult to locate 
the tumor during the operation. In this paper, a localization 
method based on the coordination of the liver surface and inter-
nal blood vessels to restrain the deformation and displacement 
of liver tumors is proposed to solve this problem. In addition, 
solutions are provided to the problems of rapid registration of 
liver surface and matching of blood vessel map. The feasibility 
and robustness of the proposed method are verified by design-
ing liver tumor localization experiments under the conditions 
of liver compression (small deformation) and stretching (large 
deformation). The main contributions of this paper include the 
following:

• The nearest point distance cost function is proposed to 
determine the region with a minor deformation of the liver 
surface. The minimum deformation area is used as the 
benchmark for intraoperative registration to reduce the time 
and improve the accuracy of the preoperative model and 
intraoperative liver surface registration.
• The finite element biomechanical model of the liver is con-

structed, and the boundary conditions of liver model de-
formation are determined. The boundary-weighted residual 
vector equation modifies the finite element equation to 
solve the deformation displacement of liver tumors.
• The biomechanical model of blood vessels is constructed 

based on the composite finite element method, and the 
matching theory of the Gauss graph is introduced to real-
ize the matching of preoperative and intraoperative blood 
vessel graphs. The deformation and displacement of the 
tumor are constrained and corrected by the deformation and 
displacement of blood vessels.
• The localization experiment of liver tumors is designed 

to verify the feasibility and practicability of the proposed 
method and surgical procedure.

2. Related work

Many studies have provided methods for locating liver tumors 
during open surgery in the existing literature. Some of these 
studies used liver surface data information for preoperative and 
intraoperative liver registration. The liver boundary constraint is 
established by the finite element method and the position dy-
namics method, and the biomechanical model is constructed, so 
as to obtain the location of the intraoperative tumor [19,20]. Such 
studies mainly rely on preoperative CT reconstruction models and 
intraoperative 3D images. There is also liver registration based 
on 2D images to obtain the tumor location. However, compared 
with 3D model registration, the accuracy of such methods could 
be more satisfactory. Intraoperative studies have also suggested 
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the use of ultrasound to locate liver tumors. It is worth noting 
that this method has yet to be generalized due to the influence of 
the ultrasonic range and accuracy. In addition, liver tumor local-
ization research based on organ vascularization is also relatively 
extensive.

As early as 1999, Rueckert et al. [21] proposed using penalty 
terms to carry out free-form object deformation on regular net-
works. Lee et al. [22], Xu et al. [23], and Wei et al. [24] proposed 
the multi-modal fusion of CT and MR Images. These image fusion 
methods are based on affine alignment and FFD local distortion to 
compensate for registration. Luu et al. [25] generated a new en-
ergy function by adding a similarity term instead of a regulariza-
tion term to the rigid penalty term, thus realizing the estimation 
of liver deformation. The accuracy of this method varies with the 
size of the assumed rigidity region. Haber et al. [26] optimized the 
Lagrange function and estimated the whole liver’s deformation by 
specifying the region’s incompressible deformation.

These methods involving mechanics often have some draw-
backs. For example, some studies have assigned boundary forces 
or displacements directly to the liver from intraoperative data 
sources [27–30]. The constraints of these boundary conditions 
often only allow the liver to deform in the area where these 
parameters are collected. However, it cannot be deformed where 
the actual load is applied. This problem is because the essential 
deformation source is ignored, making it impossible to accurately 
give the displacement field of the liver deformation outside the 
data collection area. These limitations have led to methods that 
focus specifically on anatomical constraints.

The registration method based on sparse data on the liver 
surface has also been applied to liver surgery. As early as 2005, 
Cash et al. [31] proposed a soft tissue deformation compensation 
method based on the combination of ICP and linear elasticity 
in order to solve the errors caused by traditional rigid regis-
tration. Jon et al. [32] relied on the intraoperative liver surface 
to achieve registration between images and patients’ anatomical 
structures. They investigated an inverse biomechanical method 
for deformable registration of sparse data based on the intra-
operative liver surface. In addition, they performed deformation 
estimates of the preoperative liver model using sparse liver sur-
face data [33]. Lee et al. [34] proposed that, according to years 
of research, the conversion rate of the liver image to actual 
anatomical physical space is slow.

Intraoperative ultrasound tracking can provide depth charac-
teristics of the liver to some extent. Intraoperative ultrasound is 
widely used in liver resection, which can determine the stage of 
liver disease and other unrecognized lesions [35,36]. However, 
due to the influence of external factors, the lesions may be hidden 
in the ultrasound image. Therefore, ultrasound images can only be 
used as a reference rather than a comprehensive surgery guide. 
Relevant researchers have proposed obtaining intraoperative liver 
information using intraoperative ultrasound and preoperative CT 
or MRI registration [37–39].

Garcia et al. [40] proposed a method for matching biome-
chanical maps. The liver was vascularized, and the biomechanical 
model was combined with GPR to achieve blood vessel matching. 
The most significant advantage of this method is that it can 
determine the location of the blood vessels during the operation, 
which can protect the patient’s essential blood vessels. A similar 
study was conducted by Moriconi et al. [41] and Xue et al. [42], 
which used the calculation of Euclidean distance to match the 
root nodes of blood vessels to obtain the deformation of the 
liver. However, this method is often challenging to measure the 
similarity of root nodes or blood vessel edges and requires much 
computation.
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3. Proposed method

3.1. Framework of the tumor localization system

The intraoperative tumor localization system proposed in this 
paper is shown in Fig.  1. Firstly, the inputs of this model is 
Preoperative CT, and in this paper, preoperative CT sections of 
2 mm are used for 3D reconstruction of the preoperative model. 
The intraoperative liver surface is obtained by 3D optical recon-
struction and used as a reference surface for registration. The 
deformation of the preoperative liver model is guided by the reg-
istration of the preoperative liver model and the intraoperative 
surface, combined with the finite element biomechanical model 
of the liver. In this process, the algorithm for fast registration of 
small deformation regions is introduced to accelerate the speed 
and accuracy of registration. Thus, the location of the liver tumor 
under the condition of external deformation of the liver is deter-
mined. At the same time, the blood vessel map is constructed and 
matched based on preoperative and intraoperative blood vessel 
images. The deformation of blood vessels is determined based 
on the biomechanical model of blood vessels. Then the tumor 
deformation is guided from inside the liver to determine the 
corrected displacement.

It is assumed that tumor deformation and displacement are 
induced by rapid registration of the surface of the liver, and 
the tumor displacement vector is x1. In addition, the displace-
ment vector of the tumor obtained through rapid registration 
of the internal blood vessels in the liver is x2. Then the actual 
displacement of the tumor can be expressed as 
x = ζ1x1 + ζ2x2 (1)

where, ζ1 and ζ2 represent the weighting coefficients that balance 
contributions of surface-derived x1 and vascular-derived x2 con-
straints, with ζ1 = 0.7 prioritizing global deformation from liver 
surface registration and ζ2 = 0.3 refining localization via vascular 
biomechanical correction. The normalization constraint ζ1+ ζ2 =
1 ensures proportional integration of displacement magnitudes 
without scaling distortion. The weighting coefficients were de-
termined through sensitivity analysis, where varying ζ1 between 
0.5 and 0.8 produced only minor changes in localization error (≤
±0.3 mm). Based on this optimization, ζ1 = 0.7 and ζ2 = 0.3 were 
selected to balance global surface deformation and local vascular 
correction. The effectiveness of this choice is further supported 
by the comparative tumor localization experiments presented 
in Section 4.3 (Fig.  7, Table  2), which demonstrate minimized 
localization error under the selected weighting strategy.

3.2. Determination of the minimum deformation area on the liver 
surface

The ability to accurately locate the liver tumor during surgery 
is a concern for surgeons. Accurate location of intraoperative 
liver tumors requires the registration of liver models in different 
coordinate systems before and during surgery. In this paper, the 
preoperative model of the liver is reconstructed on the basis of 
CT scanning and optical reconstruction, respectively. It should be 
noted that the traditional ICP registration algorithm can achieve 
rigid registration of liver models before and during surgery [43]. 
However, the liver is prone to deformation during the operation, 
which is likely to cause significant registration errors.

The area with the most minor actual deformation accounts 
for a relatively small proportion of the overall liver deformation, 
so the smallest deformation area can be identified. As shown in 
Fig.  2, these areas are used as a benchmark for registration to 
achieve rapid registration of the liver surface. This method can 
improve the accuracy of registration and reduce the amount of 
3

calculation. This paper proposes constructing the nearest point 
distance cost function and using it to identify and register the 
minimum deformation region. Assuming that the intraoperative 
liver surface data set is Nt and the distance from each point i to 
the undeformed surface is dt,i, the cost function is constructed 
using these distances: 

ϕ(t) =
Nt∑
i=1

exp(
−di,j2

(2λ2)
) (2)

where λ represents the standard deviation of the Gaussian func-
tion. As more and more points approach the nearest point with a 
distance of zero, the cost function will increase. This method can 
identify the region with minor deformation and can be combined 
with the ICP algorithm to achieve intraoperative registration.

3.3. Finite element external deformation model of liver

A finite element model of liver deformation is needed based on 
rigid registration of the liver model before and during the opera-
tion. To calculate the deformation and displacement of the tumor 
through the external deformation of the liver, it is necessary 
to assume that the tumor and liver are homogeneous entities. 
Therefore, the finite element model of the liver is also applicable 
to tumors and causes tumors to undergo the same deformation 
under this model. It is assumed that the deformation models 
of liver and tumor are constructed based on linear stress and 
strain relationships and that the models are isotropic. Then the 
following relationship can be obtained according to the principle 
of static equilibrium. 
Ñ ∗ σl = A (3)

σl = Mζ (4)

where σl and M represent the matrix of the strain tensor of the 
model and the stiffness of the material, respectively. M mainly 
comprises Young’s modulus E and Poisson’s ratio τ . A is the force 
vector of the model.

Assuming that the deformation displacement of the liver and 
tumor is s, and their normal and shear strains are κ and ε, 
respectively, the relationship between the three can be expressed 
as:

κx =

∫∫
Sx∫∫
x

, κy =

∫∫
Sy∫∫
y

, κz =

∫∫
Sz∫∫
z

Exy =

∫∫
Sx∫∫
y
+

∫∫
Sy∫∫
x

Exz =

∫∫
Sx∫∫
z
+

∫∫
Sz∫∫
x

(5)

Eyz =

∫∫
Sy∫∫
z
+

∫∫
Sz∫∫
y

Therefore, the Navier equation for deformation can be further 
derived: 

E
2(1+ τ )

Ñ2s+
E

2(1− 2τ )(1+ τ )
Ñ2(Ñgs) = A (6)

Based on the Galerkin weighted residual method [44], the 
displacement vector of each node in the model grid is further 
solved: 
[Ka]{S} = {a} (7)

It is worth noting how determining the boundary conditions of 
deformation based on successfully constructing the displacement 



M. Deng, D. Sun, T. Zhou et al. Biomimetic Intelligence and Robotics 5 (2025) 100257

Fig. 1. An Overview of the intraoperative tumor localization system.

Fig. 2. Fast registration based on minimum deformation area.
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Fig. 3. Vascular topology construction in different scenarios.

vector of each node of the liver model is an urgent problem to 
be solved. According to the deformation degree of the model, the 
boundary conditions can be divided into three categories:

• the Dirichlet condition for the fixed region without defor-
mation.
• the strain-free boundary without strain constraints.
• the boundary conditions for the nearest-point iteration.

The boundary condition of the nearest-point iteration is the 
most important and mixed boundary condition. We need to mod-
ify the original finite element equation to ensure that it can 
produce a more sensitive response to liver deformation. In this 
paper, the finite element equation is modified by transforming 
the boundary-weighted residual vector equation into a coordinate 
system. This coordinate system converted into a 3D coordinate 
system: 
[R]i[K ]i[R⊤]j{S}j = [R]i{a}i (8)

R =

⎡⎣ x⃗ · n⃗ y⃗ · n⃗ z⃗ · n⃗
x⃗ · t⃗1 y⃗ · t⃗1 z⃗ · t⃗1
x⃗ · t⃗2 y⃗ · t⃗2 z⃗ · t⃗2

⎤⎦ (9)

where t1 and t2 represent the normal and two tangential coordi-
nates of the liver surface, respectively. [R]i is associated with the 
normal and tangential coordinate reference of the ith node. [R⊤]j
represents rotation of the displacement coefficient from Cartesian 
space to n-t space, and j represents the displacement coefficient.

3.4. Construction of the vessels’ graph

Lee et al. [45] first proposed using binary masks to refine the 
vessels’ structure to obtain the vessels’ skeleton. However, this 
method is still a binary image and cannot accurately analyze 
the topological information of vessels. However, this method has 
some defects in segmentation, as shown in Fig.  3,

Fig.  3(a) and 3(d) represent the correct segmentation of the 
vessels. Fig.  3(b) and 3(c) show a segmentation error due to a 
bulge on the surface of the vessel, misidentifying the bulge as a 
branch of the vessel. In order to solve these problems, based on 
the study of Verscheure et al. we proposed to filter branches by 
setting conditions to remove false branches. Assuming R and T
represent the positions of vascular root voxel r and apical voxel t
in the Cartesian coordinate system. The position of the voxel c on 
the parent branch is represented by C , and the Euclidean distance 
5

between it and T  is ensured to be minimum. Then, the blood 
vessel pseudo-branch filtering method proposed in this paper is 
as follows:

(1) The first judgment is that if [TR] < l∗ d(r), the branch 
will be confirmed as a false branch and filtered out. l and d(r) 
represent the setting parameter of the length threshold and the 
distance of the boundary of the root voxel r , respectively. The 
relative ratio between the father and child branches of the blood 
vessel can be determined by the setting of l so that the false 
branch caused by the blood vessel bulge in the father branch can 
be removed.

(2) If voxels are outside the connecting lines of voxels c and 
t , the correct separation of the child and parent branches can 
be guaranteed. These voxels exist in the path directly as a new 
establish a suitable biomechanical model to solve the heterogene-
ity and anisotropy of vessels. This study uses a biomechanical 
model [46] based on the path while opening up another path.

(3) The length of the branch of the obtained candidate vessel 
meets the standard, but it may exist in Fig.  3(c) or 3(d) due to the 
background voxel deficiency.

(4) In order to make further judgments, an angle threshold 
θtneeds to be introduced. If θcrt is greater than θt , the branch of 
the candidate blood vessel is accepted. Otherwise, it is removed.

(5) This geometric filtering is robust to intraoperative imag-
ing artifacts (e.g., missing branches) by excluding false positives 
based on Euclidean distance thresholds and voxel spatial consis-
tency. Branches with abrupt discontinuities (e.g., from artifact-
induced gaps) are automatically discarded, ensuring only anatom-
ically continuous vessels are retained. This mitigates matching 
errors caused by partial branch loss.

3.5. Matching of vessels’ graphs and the biomechanical model of 
vessels

Assuming that preoperative and intraoperative vessels’ graphs 
are χA = (XA, Y A) and χB = (XB, Y B), the geometric mapping 
relationship mAB between A and B is solved through the vessels’ 
graphs. The geometric mapping relationship mainly solves the 
problem of the least-square matching between pixel A and its 
corresponding pixel B. We can further assume that the corre-
sponding elements in XA and XB are defined as ∂ = {xAe ←→
xBe }1≤e≤n. Gaussian nonlinear regression is used, and Gaussian 
noise is assumed to be α for the values of all coordinates. Based 
on these relationships, the position of XB in B corresponding to 
XA in A can be predicted. This position is usually at the average 
value m∂ (·) and the covarianceσ 2

∂ (·) : 

m∂ (xA) = K⊤C−1∂ Xβ

∂ (10)

σ 2
∂ (x

A) = k(xA, xA)+ α−1 − K⊤C−1∂ K (11)

where k is a kernel function, and C∂  represents a symmetric ma-
trix of n× n. K  and Xβ

∂  represent vectors 
[
k(xA1 , xA) · · · k(xAn , xA)

]⊤
and a matrix of n× D, respectively.

In addition, a relatively wide range of factor terms, including 
the constant term, the linear term, and the square exponential 
term, are selected for summation: 

k(xi, xj) = β0 + β1x⊤i xj + β2 exp(−
β3

2

⏐⏐⏐⏐⏐xi − xj
⏐⏐⏐⏐⏐2) (12)

This implicit mapping function is an excellent way to show 
the distortion of the image. According to this implicit function, 
the geometric mapping relationship can be further derived:

m∂ (xA) =
n∑

µik(xAi , x
A)
i=1
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=

n∑
i=1

µi(β0 + β1(xAi )
⊤ xA)+ (13)

n∑
i=1

µiβ2 exp(−
β3

2

⏐⏐⏐⏐⏐xAi − xA
⏐⏐⏐⏐⏐2)

where µi represents row i in matrix C−1∂ XB
∂ . β1 and β2 are hyper-

parameters representing coordinate linear functions, β3 and β4
are hyperparameters representing additional deformation.

The Gauss map matching (Eqs.  (11)–(14)) initializes vascu-
lar correspondence through geometric similarity but may yield 
topological ambiguities under nonlinear deformations (Fig.  3b–c). 
Biomechanical constraints validate correspondences by simulat-
ing vascular elasticity/stress distributions and filtering branches 
with abnormal mechanics (e.g., stress concentrations significantly 
lower than true branches). As demonstrated in Fig.  6, this syn-
ergy significantly improves topological consistency during large 
deformations, enabling precise tumor localization.

Gaussian matching [47] can theoretically solve the problem of 
soft tissue deformation by changing hyperparameters. However, 
it is worth nothing that soft tissues such as the liver (including 
blood vessels) often exhibit a high degree of nonlinearity during 
surgery. Therefore, it is necessary to heterogeneity and anisotropy 
of vessels.

This study uses a biomechanical model based on the compos-
ite finite element method to simulate vascularized tissue [48]. 
Thin walls of vessels based on tetrahedral elements are con-
structed by each element q, and the local stiffness matrix Kq is 

Kq = Rq
(
λq

)⊤ {∫
Vp

B⊤p DpBpdV

}
Rp

(
λp

)
(14)

where Rq is a rotation matrix of finite elements mainly composed 
of mesh node displacement λq after introducing nonlinearity. 
Vessels can be regarded as composed of beam elements, and the 
biomechanics of blood vessels under finite element conditions are 
simulated employing Young’s modulus, the thickness of vessels, 
and actual parameters. In addition, Bp and Dp represent the matri-
ces of strain–displacement and stress–strain during finite element 
simulation, respectively.

Vessels are built based on beam elements with rotational and 
positional degrees of freedom. Therefore, Kl is used to represent 
the local stiffness matrix of the beam element, which mainly 
depends on the displacement vector of the node of the beam 
element. Compared with Kq, the most significant difference of 
the local stiffness matrix of the beam element is that it controls 
two nodes through three degrees of rotation and position free-
dom. Therefore, the composite stiffness matrix Kf  of the coupling 
mechanism between them is 

Kf = Kq + J⊤l→qK l Jl→q (15)

where J1−q is the Jacobian mapping matrix that kinematically cou-
ples rotational-translational degrees of freedom (DOFs) of vascu-
lar beams with translational DOFs of tissue tetrahedral elements. 
Physically, J1−q projects bending moments in vessels into equiva-
lent nodal forces on surrounding soft tissue, enforcing mechani-
cal equilibrium at vascular-tissue interfaces during deformation 
events like tumor-induced vessel buckling or tension-induced 
reorientation.

The global stiffness matrix Kg  is constructed by the composite 
stiffness matrix Kf , and Kg  represents the whole vessel’s finite el-
ement biomechanical stiffness matrix. Model validation: Accuracy 
in simulating vascular-tissue interfaces was confirmed through:
6

Fig. 4. The effect of matching based on different methods. (a): The results 
are obtained based on the traditional Gaussian matching, (b): The results are 
obtained based on our method.

• Ex-vivo mechanical testing: Porcine livers (n=8) underwent 
biaxial loading (20%–40% strain); model-predicted interface 
displacements showed 0.89 ± 0.21 mm error vs. optical 
tracking (Fig.  6a)
• Clinical verification: In 5 liver resections, intraoperative ul-

trasound validated tumor locations predicted by vascular-
tissue interactions (2.1 ± 0.7 mm error, Section 4.2)

The corresponding matching relationship uBj ↔ uAi between 
bifurcation pairs can be represented by ϖ . When nodes coincide 
with the source bifurcation set X⃗A, non-homogeneous Dirichlet 
conditions for vascular deformation are determined via bifurca-
tion matching. Therefore, the displacement of a single vascular 
node is 
ui = uBj − uAi (16)

According to the non-homogeneous Dirichlet condition, the 
spring node uAi in the biomechanical model of the source set can 
be matched to the uBj in the target set. When the displacement 
of a single node is known, a method based on each iteration k of 
Newton–Raphson is adopted to calculate the final displacement 
∆

(k+1)
u  of the vascular biomechanical model: 
[EI + K̂ϖu(k)

]∆uk+1
= −ρϖ

(
u(k)) (17)

u(k+1)
= u(k)

+∆u(k+1) (18)

where ε and I represent the damping parameters and the identity 
matrix of the biomechanical model, respectively. ρ is the vector 
representing the internal elastic forces and displacements that 
contain biomechanics. The update of the position of vascular 
biomechanical nodes can be expressed as u(k+1)

= u(k)
+∆u(k+1). 

Fig.  4 is a perspective view of the preoperative liver model after 
deformation based on our proposed LTBS method.

Establishing the vascular biomechanical model can provide not 
only the elastic deformation of vessels but also the compliance of 
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Fig. 5. Analysis of the feasibility of methods and surgical procedures for localization of liver tumors.
the bifurcation in the vascular source data set. The compliance 
here is mathematically the inverse of the stiffness matrix. Com-
pared with pure Gaussian diagram matching, the effect of match-
ing of vessels’ graphs combined with the biomechanical model is 
shown in Fig.  4(b). From the matching effect in Fig.  4, it can be 
seen that when the blood vessel has a large nonlinear deforma-
tion, the bifurcation point of the blood vessel can still be searched 
more accurately to complete the matching. Compared with the 
traditional Gaussian matching method, the proposed method has 
a smaller matching area for branch point search, directly improv-
ing matching efficiency. Under significant deformations or branch 
loss, the Gauss map alignment maintains bifurcation correspon-
dence through topological invariance, while the composite stiff-
ness matrix (Eq.  (16)) and non-homogeneous Dirichlet conditions 
(Eqs. (17)–(19)) correct displacements using available bifurcation 
points. This combined approach ensures reliable pairing despite 
structural deviations from imaging artifacts.

4. Experiments and analysis of results

This paper proposes a tumor localization method (LTBS) based 
on synergistic constrained deformation of the liver and vessels. 
7

The validity of the method proposed in this paper is verified 
by designing experiments for the localization of liver tumors 
with different deformation conditions. The main experiments in 
this paper two are performed on cases of livers, including blood 
vessels and tumors, in the state of stretching and pressing defor-
mation. We focus on experimental investigation and validation 
of metrics such as surgical process, precision, and time of tumor 
localization. In addition, to further validate the effectiveness of 
the method proposed in this paper, control experiments are set 
up in this paper. Comparative analysis of experimental results 
with localization of tumors based on liver surface (LTLS) and 
localization of tumors based on blood vessels (LTBV).

4.1. Validation of the feasibility of a surgical procedure for the 
localization of liver tumors

As an example, the surgical procedure for tumor localization 
under the condition of pressing is shown in Fig.  5, which demon-
strates the specific steps for the localization of liver tumors under 
this condition. The Fig.  5¬ represents a perspective view of a 
preoperative liver model after deformation based on the LTLS 
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Fig. 6. Comparative analysis of the accuracy of deformation based on different methods.
method. Fig.  5­ shows a perspective view of the deformed liver 
model using the proposed liver-vessel collaborative constraint 
localization method, while Fig.  5® presents a perspective view of 
the actual deformed liver model under compression conditions.
8

As seen in Fig.  5, the first step utilizes the surface of the 
intraoperative liver as a reference. The preoperative liver model is 
guided to deform under the auspices of the biomechanical model 
of the liver and a fast registration algorithm. In the second step, 
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Table 1
Deformation error of liver tumors using different methods.
 Methods Average error of deformation (mm)

 Case 1 Case 2
 Liver Vessel Tumor Liver Vessel Tumor 
 LTBV 1.92 0.96 0.23 4.13 1.88 1.55  
 LTLS 1.36 1.13 0.38 3.97 2.03 1.39  
 LTBS 1.10 0.57 0.05 1.30 1.11 0.82  
 

to constrain the deformation and displacement of the internal 
tumors of the liver, this paperincorporates the matching method 
of preoperative and intraoperative vessels based on the vascular 
biomechanical model shown in Fig.  5. The method is tuned for 
tumor deformation and displacement, enabling synergistic con-
straints to localize tumors based on the liver surface and internal 
vasculature.

As shown in Fig.  5¯, a comparison of the tumor localization 
effect before and after the improvement is demonstrated. The 
yellow, green, and blue tumors indicate the locations of the tu-
mors obtained based on the LTLS method, the actual locations of 
the tumors, and the locations predicted by our proposed method, 
respectively. From the practical results, the tumor localization of 
the method proposed in this paper is more accurate. In addition, 
errors before and after deformation are analyzed for the liver 
and vessels. As can be seen in Fig.  5 a, b, c, and d, the accuracy 
of the deformation of both the liver and blood vessels has been 
dramatically improved. The feasibility of the method and surgical 
procedure proposed in this paper for the localization of liver 
tumors is demonstrated.

4.2. Verification and analysis of the accuracy of deformation

To further validate the effectiveness of the method proposed 
in this paper against the deformations of the liver, vessels, and 
tumors, it is compared with the results achieved by the LTLS 
and LTBV methods. As shown in Fig.  6, the experiment con-
sists of two conditions, and the liver of each condition is tested 
experimentally by pressing (small deformation) and stretching 
(large deformation). Comparison is made between the results 
after deformation based on different methods and the actual 
model. As can be seen in Fig.  6, the error produced by performing 
a large deformation by stretching is larger than the error made by 
deformation by pressing.

Another noticeable aspect is that the LTBS method proposed 
herein, whether tested for deformations in the liver, vessels, or 
tumors, the best results are obtained. Errors for liver, vessel, and 
tumor deformations satisfy LTBS<LTLS< LTBV, LTBS<LTBV<LTLS,
and LTBS<LTBV<LTLS, respectively. It is worth noting that the 
average error of the method proposed in this paper is 1.10 mm, 
0.57 mm, and 0.05 mm for the liver, vessels, and tumors, respec-
tively, obtained under the conditions of pressing. However, the 
corresponding errors in the condition of stretching are 1.30 mm, 
1.11 mm, and 0.82 mm, respectively. The errors in deformation 
increased by 15.38%, 48.64%, and 93.90% compared to the condi-
tion of pressing. The corresponding models’ deformation errors 
increased in all the large-scale deformations. Notably, vascular 
displacement errors near tumors (0.82 mm) exceeded those in 
distal regions (0.57 mm), confirming that tumors restrict vessel 
mobility. This mechanical coupling – where stiffer tumors anchor 
surrounding vasculature – validates vascular displacement as a 
critical localization signature.

4.3. Verification of the accuracy of tumor localization

The accuracy of tumor localization has always been one of the 
significant concerns of surgeons in open liver surgery. This paper 
9

Fig. 7. Effectiveness of localization of liver tumors based on different methods.

localizes tumors during open surgical procedures at different 
levels of deformation. As shown in Fig.  7, the effect of the localiza-
tion of liver tumors based on different methods is demonstrated. 
The positions of the tumors based on the different methods are 
compared with those of the actual tumors. The perspective view 
shows that the method of this paper achieves relatively the best 
results.

To further quantify the accuracy of tumor localization, the 
mean and standard deviation of errors under different conditions 
and methods are calculated in this paper. As shown in Table  1, 
the errors of tumor localization based on the proposed method 
in this paper are 1.68 ± 0.22 mm and 2.04 ± 0.26 mm under 
conditions of pressing and stretching, respectively. The overall 
error reduction in localization is 37.06% and 24.85% compared to 
the LTBV and LTBS methods.
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Fig. 8. Errors in localization of liver tumors based on different methods.
Notably, the stability of the error in liver tumor localization 
is also an important metric of interest to surgeons. Fifty ran-
domly selected points on the liver tumor are used as test points 
for localization error. As shown in Fig.  8, the stability of the 
localization error of tumors based on different methods can be 
seen more intuitively and clearly. The minimum error in tumor 
localization obtained using the LTBS method can be seen in the 
Figure. The fluctuations in the localization errors obtained by 
the LTLS and LTBV methods are more significant but have more 
partial overlap. In addition, the method proposed in this paper 
has the relatively narrowest localization error band, which results 
in the best stability of the error in tumor localization.

To further analyze the differences among various methods, 
this study performs p-value analysis on tumor localization errors 
to calculate statistical significance between approaches. As illus-
trated in Fig.  9, the p-values demonstrating significant differences 
among LTBS, LTLS, and LTBV consistently satisfy p < 0.0001
under all methodological conditions. The calculated p-values suf-
ficiently reveal substantial distinctions in tumor localization ac-
curacy between different methods. Notably, the proposed LTBS 
method demonstrates significant improvement compared to the 
other two approaches.

4.4. Speed analysis of tumor localization

During surgery, rapid localization of the tumor will greatly 
improve the success rate of the procedure. Therefore, this paper 
10
analyzes the time required for tumor localization by different 
methods. Six surgeons are randomly selected to localize the tu-
mor using different methods to test the general applicability of 
the localization methods. As shown in Fig.  10, exhibiting the time 
required for tumor localization by different surgeons, it is worth 
noting that the time referred to herein does not include the time 
taken for intraoperative information. From Fig.  10, it can be seen 
that the LTBS method takes the least amount of time due to the 
introduction of the fast registration method, with an average time 
spent of 18s. The LTBS method is the most efficient regarding the 
time it takes to align. The LTLS and LTBV methods took relatively 
longer, with an increase of 27.8% and 33.3%, respectively, com-
pared to LTBS. This shows that the method proposed in this paper 
is feasible and universally applicable.

5. Discussion

Intraoperative localization of tumors has long been a primary 
concern for surgeons during open surgical procedures for tumors. 
Although the level of medical technology has improved over 
the years, the actual surgical procedures are still challenging. 
Most current surgeries rely on preoperative CT 3D models of the 
patient’s liver and the intraoperative surgeon’s clinical experience 
for tumor localization and excision. In addition, some surgeons 
rely on intraoperative X-rays and ultrasound to explore the loca-
tion of tumors. However, most of these methods have yet to yield 
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Fig. 9. Comparative analysis of tumor localization error discrepancies among different methods.
Table 2
Localization error of liver tumors using different methods.
 Methods Localization error of tumors

 Press Stretch

 Average error (mm) Std (mm) Average error (mm) Std (mm) 
 LTBV 2.73 0.26 3.18 0.38  
 LTLS 2.31 0.27 2.64 0.30  
 LTBS 1.68 0.22 2.04 0.26  
satisfactory results in terms of localization accuracy, radiation 
intensity, and difficulty of operation.

Considering these factors, this paper proposes a method based 
on synergistic constraints on tumor localization from the surface 
11
of the liver and internal vessels. Intraoperative structured light 
is utilized to reconstruct the surface of the liver, which is used 
as a reference surface for the registration. On the basis of the 
liver biomechanical model, the rapid deformation of the liver and 
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Table 3
Analysis of results of different methods for tumor localization.
 Technique Analysis of different factors
 Accuracy (mm) Time (s) Noise Motion

 Zhang et al. (2019) 2.2 ± 2.1 No No Yes
 Lee et al. (2021) 3.1 ± 0.8 900 No No
 Lim et al. (2019) 2.6 No No No
 Shao et al. (2022) 2.83 ± 2.22 30 No Yes
 Shao et al. (2021) 4.5 ± 1.3 No No Yes
 Lorente et al. (2017) 1-3 No No Yes
 Ours 1.68 ± 0.22mm 18 Yes No
 

Fig. 10. Time required for tumor localization based on different methods.

tumor is guided before the operation. Notably, the entire liver 
surface 3D reconstruction process is performed without radiation. 
In order to reduce the deformation and localization errors that 
may be caused by this rapid deformation, this paper simultane-
ously proposes to correct the position of tumor deformation and 
localization based on angiogram matching and vascular biome-
chanical models. This approach can be simplified as the liver 
provides the framework for overall deformation, and the ves-
sels do the restraining and correcting of tumor deformation and 
positioning internally. The method proposed in this paper em-
ploys rapid registration of small deformation regions on the liver 
surface, which greatly accelerates the overall deformation of the 
liver. The precision of tumor localization is also well-balanced by 
the use of internal vascular constraints.

Noise is often another easily overlooked influence during in-
traoperative localization of liver tumors. The existence of noise 
points in the matching of the 2D image or 3D model often 
increases the registration error and reduces the positioning ac-
curacy. The method of rapid registration of small deformation 
regions in the paper used in this paper produces a relatively 
small impact on the error. In order to be able to analyze the 
effect of noise on the localization of liver tumors more clearly, 
as shown in Fig.  10, this paper adds 50% noise for the localization 
of liver tumors under different conditions. As can be seen in Fig. 
11, the accuracy of the localization of the tumors decreases after 
increasing the noise by 50%, and there is a slight decrease in the 
stability of the localization of the tumors. However, the actual 
noise present during the procedure is often less than 50%, and 
the accuracy of tumor localization can still be maintained at about 
2 mm after a 50% increase in noise. This shows that the method 
proposed in this paper is adaptable and resistant to noise.

The success rate of tumor localization is related to several 
influencing factors, such as the accuracy of localization, time, 
human respiratory motion, and model noise. As shown in Table  2, 
a comparative analysis is conducted for different studies. Zhang 
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et al. [49] developed a technique to guide CBCT localization 
through biomechanical and kinematic modeling of the liver. The 
accuracy of tumor localization is improved by introducing motion 
models into the CBCT model. This method improves the accuracy 
of tumor localization by 2 mm.

However, it has limitations in the patient population and 
is currently unable to produce good results in patients treated 
with breath-hold radiotherapy. Lee et al. [50] proposed a new 
fluorescence imaging technique for tumor localization by using 
fluorophores for laparoscopic surgery. This method is not very 
friendly toward the patient’s later recovery and is prone to com-
plications related to femoral artery catheterization. Similarly, Lim 
et al. [51] proposed a new method of indocyanine green with NIR 
imaging to localize intraoperative tumors for minimally invasive 
oncologic surgery. This method still has high requirements for the 
applicable population and cannot be used in patients with cirrho-
sis. Similar studies have been done by Shimohigashi et al. [52] 
and Dhont et al. [53], which often share a common feature re-
quiring the implantation of markers in the vicinity of hepatic 
tumors to visualize changes in tumor location by fluoroscopy or 
radiography.

Deep learning for tumor localization is maturing compared to 
traditional tumor localization methods with fluorescence imag-
ing. As shown in Table  3, a comparative analysis was conducted 
for different studies. Shao et al. [54] proposed a single X-ray pro-
jection of real-time liver tumor localization using deep graph neu-
ral network-assisted biomechanical modeling. However, when 
using the network for liver surface motion prediction, it takes 
about 30 s for biomechanical modeling, which significantly in-
creases the time of the procedure. In addition, according to Gupta 
et al. [55], it was found that neural network-based localization 
of tumors tends to present difficulties in the segmentation and 
registration of tumor images. The main reason for this problem 
lies in the low contrast between the tumor and the surrounding 
normal tissue.

Despite these advancements, current frameworks still face 
limitations under clinical conditions involving partial data loss, 
such as occlusion by surgical instruments. Specifically, the pro-
posed minimum-deformation-area registration (Section 3.2, Eq. 2)
maintains acceptable performance under moderate surface oc-
clusion (≤50%) by leveraging preserved low-deformation regions. 
However, when occlusion exceeds 50%, the accuracy of registra-
tion declines due to insufficient reference surfaces. Similarly, in 
cases of vascular data loss, Gauss map matching (Eqs.  (11)–(13)) 
can still generate initial hypotheses using the remaining visi-
ble vascular branches, and subsequent biomechanical filtering 
(Section 3.4) helps exclude anatomically implausible matches via 
stress equilibrium constraints. Nonetheless, the loss of critical 
vascular bifurcations compromises global topological consistency, 
increasing tumor localization errors to 2.4 ± 0.4 mm when 20% 
of the vascular data is missing.

Future solutions include: (1) Multi-modal data fusion with 
intraoperative ultrasound to compensate for occluded regions;

(2) Dynamic adjustment of the ζ1/ζ2 weighting parameters 
(Eq. 1) according to the severity of occlusion;
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Fig. 11. Tumor localization accuracy of different methods after a 50% noise increase.
 

(3) CNN-based reconstruction of missing anatomical struc-
tures using preoperative topology as prior knowledge.

(4) Confidence-driven adaptive FEM parameterization, in which
the stiffness of boundary regions is adjusted based on the lo-
cal visibility or registration confidence, thereby reducing error 
propagation from uncertain regions.

(5) Incorporating uncertainty-aware fusion strategies, such as 
Bayesian weighting of x1 and x2, to improve robustness under 
severe data degradation.

While the experimental validation primarily focused on com-
pression (small deformation) and stretching (large deformation) 
– the dominant deformation modes encountered during open 
liver resection – real-world surgical scenarios may involve more 
complex, multi-modal deformations such as torsion or localized
swelling. The underlying finite element formulation (Section 3.3, 
Eqs.  (8)–(10)) and the composite stiffness matrix (Eq. 16) are, in 
principle, capable of addressing such cases through the following 
mechanisms:

• Rotational kinematics: The Jacobian matrix J1−q inher-
ently captures torsional behavior via rotational degrees-of-
freedom (DOF) mapping.
• Heterogeneous material adaptation: The use of Dirich-

let and strain-free boundary conditions allows for localized 
force inputs that can simulate swelling-like effects.

Numerical benchmarks (Fig.  6) demonstrate accurate stress 
prediction at vascular bifurcations under non-uniform loads sim-
ulating swelling. However, validation under controlled torsion or 
swelling remains future work. We aim to:

(1) Build patient-specific in-silicon models from CT/MRI data; 
(2) Collaborate with biomechanical experts on advanced ex-vivo
experiments for multi-modal deformation validation.

6. Conclusion

This paper proposes a method for localizing liver tumors 
with synergistic constraints on the liver surface and vessels. 
This method addresses the challenges of imprecise intraopera-
tive tumor localization and long localization time. Specifically, a 
biomechanical model of the liver is first constructed to estimate 
the approximate range of tumor displacement through fast reg-
istration in minimally deformed regions. On this basis, a vascular 
biomechanical model and angiogram matching algorithm are 
introduced to correct internal tumor displacement. By jointly 
13
leveraging surface and vascular constraints, the proposed method 
achieves faster and more precise tumor localization. In addition, 
comparative experiments with LTLS and LTBV demonstrate that 
our approach improves both accuracy and robustness.

Although the proposed method yields promising results, sev-
eral limitations remain. First, the effect of respiratory motion 
on tumor position is not explicitly modeled. While patients are 
typically under anesthesia, residual organ movement can still 
occur. Incorporating a respiratory motion model in future work 
may further improve localization precision. Second, the method’s 
efficiency currently relies on high-performance computational 
infrastructure. Future efforts will focus on algorithmic and model-
level optimizations to reduce resource consumption.

To improve robustness under partial data loss, future work 
may explore adaptive biomechanical modeling and uncertainty-
aware fusion. This includes adjusting FEM parameters based 
on confidence and applying Bayesian weighting to surface and 
vessel-based predictions. Furthermore, supporting tumors with 
diverse mechanical properties, such as low-stiffness lesions, can 
be achieved by customizing material parameters or adopting 
nonlinear tissue models. These extensions will help generalize the 
framework to broader clinical scenarios.
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