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Abstract: Virtual surgery simulation is indispensable for virtual vascular interventional training system, which provides the doctor with visual scene between catheter and vascular. Soft tissue deformation, as the most significant part, determines the success or failure of the virtual surgery simulation. However, most soft tissue deformation model cannot simultaneously meet the requirement of high deformation accuracy and real-time interaction. To solve the challenge mentioned above, this paper proposes a fast and accurate vascular tissue simulation model based on point primitive method. Firstly, the proposed model simulates a deformation of the internal structure of the vascular tissue by adopting a point primitive method. Besides, the stretching constraint and elastic potential energy constraint are introduced to control and correct node motion. Furthermore, a mapping function from the interior to the surface of the vascular tissue is constructed based on moving least squares algorithm to render the visual effect of deformation. Finally, a training system based on the proposed model is set up on the PHANTOM OMNI force-tactile feedback device to realize the deformation simulation of the virtual vascular tissue. Experimental results shows that the proposed model can enhance real-time performance of the training system under the premise of ensuring deformation accuracy, as well as simulate the elasticity of soft tissue.

Keywords: Soft tissue deformation; virtual vascular interventional training system; point primitive method; elastic potential energy constraint; mapping function

1  Introduction

Due to the development of the social economy and the improvement of people’s living standards, vascular diseases occur frequently in the middle-aged and elderly population in China. So far, minimally invasive vascular interventional surgery is the most direct and effective treatment method for vascular diseases [1]. Minimally invasive vascular interventional surgery has been widely used as it has the advantages, such as little traumas and pain, as well as short postoperative recovery time compared with traditional surgery [2]. But the existing vascular interventional surgeries do not meet the requirement of patients for minimally invasive surgeries, resulting in a low rescue-rate and high mortality in vascular diseases. With the advance of virtual surgery, the virtual vascular interventional training system provides a promising application prospect for vascular interventional surgery. It provides surgeons with a good training platform and assistance in visual and tactile sense, and enables repeated surgical trials, thus improving surgeons’ technical level. Meanwhile, the usage of virtual vascular interventional training systems can save training costs on real corpses and help in avoiding some ethical issues [3,4].

Although the virtual vascular interventional training system has many advantages for the treatment of vascular diseases, there are still some challenges that need to be solved or balanced when it is set up. At present, the mass-spring model [5–8], finite element model [9–13], mesh-less model [14–18], and tensor-mass method [19] are major physical modeling methods. Many researchers have paid more attention to the vascular model based on these four methods and obtained certain achievements. Wang et al. [20] have used vascular mechanical properties to determine spring coefficients in the mass-spring model, thereby improving the deformation accuracy but reducing the real-time performance. Wu et al. [21] have considered relations between the forces and spring deformation such as elongation and bending based on a traditional mass-spring model, and simulated vascular deformation by optimizing the model parameters with the help of Gaussian processes. This method improves the model stable but degrades the deformation accuracy. Hu et al. [22] have proposed a new mass-spring model based on domain constraint. It achieves a real-time performance but cannot meet the deformation accuracy. Liu et al. [23] have put forward an optimized finite element model, where the Quasi-Newton algorithm is used to accelerate deformation computation, thereby improving the real-time performance of the model. Ye et al. [24] have adopted a spatial adaptive acceleration algorithm in the context of a mesh-less model to accelerate the deformation computation for the vascular model. This algorithm enables a real-time operation but fails in the deformation accuracy. Guo et al. [25] have employed the implicit Euler solver and CG-linear solver to accelerate the deformation computation for the triangular tensor-mass model. This method enhances real-time performance of the model, but the deformation accuracy is not high because it only simulates the surface of the vascular tissue. One year later, they proposed a tetrahedral tensor-mass model to simulate the interior structure of vascular tissue. This model effectively improves the deformation accuracy but fails to improve its real-time performance [26]. As is stated above, accurate vascular deformation effects can be obtained only using high-precision physical modeling methods, but this kind of method will reduce the real-time performance of the training system to some extent. Therefore, how to effectively balance the accuracy and real-time performance during simulating deformation of soft tissues is still a challenge.

To address above challenges, this study proposes a fast and accurate vascular tissue simulation model based on a point primitive method. The proposed model can trade off the deformation accuracy against real-time performance during virtual surgery simulation. During the simulation, a deformation model is constructed based on a point primitive method to capture the motion of nodes modeled inside the vascular tissue. Moreover, stretching constraint and elastic potential energy constraint are employed to simulate the elasticity of vascular tissue by adjusting the node motion. And then a mapping function from interior to the surface of vascular tissue is built to render the deformation with the help of the moving least square algorithm.

The rest part of the paper is organized as follows. Section 2 elaborates on the vascular tissue simulation model based on point primitive method. Then, experimental results and analysis to verify the performance of the proposed vascular tissue simulation model are presented and discussed in Section 3. Finally, the conclusion is presented in Section 4.

2  Method

The framework of our proposed model in the virtual vascular interventional training system is shown in Fig. 1. The framework includes virtual environment establishment, vascular tissue deformation and interaction between doctors and virtual vascular tissue through PHANTOM OMNI. The vascular tissue deformation is be made up of the deformation model constructing, constraints conducting and mapping function building.
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Figure 1: Framework of our proposed model

2.1 Deformation Model

This study uses the point primitive method to construct a deformation model. The main idea of the method is to use a set of discrete nodes to calculate the stress and strain generated by the soft tissue deformation. Then, based on the obtained stress and strain values, displacement of each node is calculated in deformation, thereby capturing vascular tissue deformation.

Assuming that the internal structure of the vascular tissue can be discretized into N nodes, and each node [image: images] has two physical properties including mass [image: images] and volume [image: images]. Fig. 2 shows the node support domains inside deformation model. The blue line represents the boundary of vascular tissue surface, the black dots represent the internal nodes, the red area represents the support domain [image: images] of nodes, and node i is the center node of the support domain, therefore, the rest nodes are neighbors of node i.

[image: images]

Figure 2: Schematic diagram of node support domains inside vascular tissue

The properties of each node are obtained from a kernel function in the support domain. Generally, the smaller the distance between the neighbor nodes and the center node is, the larger effect they have. Therefore, in order to measure the effect of the center node i on its neighbor node j, we used a kernel function to express the relationship as
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where h is the support radius of the node i and r is the distance between them. Then the spatial derivatives [image: images] of the displacement vector [image: images] are calculated at node i as

[image: images]

where [image: images], [image: images], and [image: images] are the x-component, y-component, and z-component of [image: images] respectively. And [image: images] can be computed according to Eq. (3)
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where [image: images] is the mass weight between node i and j which is obtained by Eq. (1), [image: images] is the difference vector between node i and j, i.e., [image: images], [image: images] is the modulus of the vector [image: images], and [image: images] is the moment matrix. Moreover, [image: images] can be described as follows

[image: images]

Similarly, [image: images] and [image: images] are also computed by the mentioned method, to achieve [image: images]. Furthermore, the strain [image: images] and the stress [image: images] at node i are obtained based on Eq. (2) as follows
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where [image: images] is the Jacobi matrix at node i, I is the identity matrix, and C is the elastic matrix, which is determined by Young’s modulus and Poisson’s ratio.

If the vascular tissue has an elastic deformation under external force, the strain energy will be generated in it. Therefore, we estimate the strain energy [image: images] stored around node i based on [image: images] and [image: images] as

[image: images]

The strain energy is a function of displacement vector [image: images] and [image: images]. Taking the derivative with respect to these displacement vectors yields the force acting on node i and j
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It turns out that the force [image: images] acting on node i is equal to the sum of all [image: images] acting on its neighbor nodes in magnitude but opposite direction.

Finally, the deformation displacement vector [image: images] inside the vascular tissue can be solved by Eq. (10) using integration method

[image: images]

where [image: images] and [image: images] express the velocity and acceleration of node i, respectively, [image: images] and [image: images] are the external force and internal force, respectively, and t is the iteration time.

2.2 Construct Constraints

Since the earlier deformation model fails to simulate the biomechanical property of vascular tissue, we added stretching constraint and elastic potential energy constraint in this model using position-based dynamics method. As a result, we can realistically characterize the properties of real vascular tissue.

With the position-based dynamics method, the node positions determined by Eq. (10) is projected to a valid position so that it satisfies the defined constraints, that is, move the node and find a correction factor to modify the deformation position of the node. And the correction factor must meet the following Eq. (11)

[image: images]

where C is the constraint function. The correction factor of a single node obtained from Eq. (11) is as follows

[image: images]

where [image: images] is the reciprocal of mass [image: images].

2.2.1 Stretching Constraint

As shown in Fig. 3, if the distance between nodes is not equal to their original length, the nodes are pulled or pushed by adjusting the stretching constraint to make sure their distance returns to the original length. This solves the problem of mutual penetration between nodes caused by the projection operation. Therefore, the stretching constraint function [image: images] between any two nodes is defined as

[image: images]

where [image: images] is the original length between node [image: images] and node [image: images]. The derivatives of the function [image: images] are described as

[image: images]
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Figure 3: Stretching constraint

Hence, the correction factor [image: images] of the node under the function of stretching constraint can be derived as follows
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2.2.2 Elastic Potential Energy Constraint

The internal structure of the vascular tissue is divided into a set of virtual tetrahedrons based on discrete nodes. Here, an elastic potential energy constraint is designed to describe the elasticity of objects using the spring potential of each tetrahedron with elastic coefficients. As shown in Fig. 4, if the vascular tissue deforms, the spring potential of each deformed tetrahedron will also change correspondingly. Therefore, four nodes of the tetrahedron need to adjust their positions under the function of elastic potential energy constraint to ensure that the vascular model achieves elastic potential energy conservation during simulating the elasticity. Supposing that any two nodes in the tetrahedron are connected by a virtual spring, the elastic potential energy constraint [image: images] is defined as

[image: images]
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where [image: images] is the barycenter of tetrahedron [image: images], [image: images] is the elastic coefficient of virtual spring [image: images] connecting node [image: images] and node [image: images], and [image: images] is the original length of [image: images]. The derivatives of the function [image: images] are described as
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Figure 4: Elastic potential energy constraint

Hence, the correction factor [image: images], i=1, 2, 3, 4 of each node of the tetrahedron under the function of elastic potential energy constraint can be derived as follows

[image: images]

The final deformation position of the node that satisfies the stretching constraint and the elastic potential energy constraint is determined by using Eqs. (16), (17), and (24), which guarantees the elasticity of vascular tissue.

2.3 Mapping Function

[image: images]

Figure 5: The support domain of surface particle X

As illustrated in Section 2.1, the motion of vascular tissue is analyzed with the internal nodes. Thus, we need to establish a mapping function from the interior to the surface of vascular tissue to visualize the deformation process and render the deformation effect based on moving least square algorithm. A set of discrete particles is used to describe the surface structure of vascular tissue, and each surface particle can be represented by the internal nodes in its support domain. The support domain of surface particle X is shown in Fig. 5, in which the blue dots represent the surface particles, the black dots represent the internal nodes, and the circular area represents the support domain S of the surface particle X. Therefore, the mapping function [image: images] is defined as

[image: images]

[image: images]

where [image: images] is the field function, which represents the displacement of particle X, [image: images] is the approximation function of [image: images], [image: images] is the shape function of particle X, n is the number of internal nodes in the support domain, and [image: images] is an n-dimensional vector containing the value of the deformation displacement at each node in the support domain.

The approximation function of the field function [image: images] is constructed based on moving least square algorithm and [image: images] is used to express the displacement of particle X. [image: images] is defined as follows

[image: images]

[image: images]
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where [image: images] is the polynomial basis function and [image: images] , m is the number of basis function, and [image: images] is the coefficient vector, where [image: images] can be derived by minimizing the weighted [image: images] norm as

[image: images]

where [image: images] is the weight function, [image: images] is the node in support domain, and [image: images] is the deformation displacement of node [image: images]. Besides, we rewrite Eq. (30) in the matrix form as

[image: images]

where P is the matrix of basis function and [image: images] is the matrix of weight function. Note that P and [image: images] are represented as follows
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Finally, derived Eq. (31) with respect to X to obtain the coefficient [image: images] as

[image: images]

where

[image: images]

[image: images]

It can be seen that the weight function plays an important role in constructing the approximate function. Therefore, the cubic spline function is adopted as the weight function, which is defined as

[image: images]

where [image: images] and [image: images] is the radius of support domain of particle [image: images].

Therefore, the displacement of surface particle X, is obtained, i.e., the field function [image: images]. The field function based on moving least square algorithm can be expressed as follows

[image: images]

where the shape function is described as

[image: images]

3  Experiment

3.1 Experiment Environment

All the experiments are based on a desktop with NVIDA GeForce RTX 2080Ti, Intel(R) Core(TM) i9-9900K CPU (3.60 GHz, 8 cores) and 32G RAM, and run on the Windows 10 operating platform. We adopt VC++ 2019, 3Dmax 2019, and OpenGL 4.6 to program the proposed algorithm and model, and use PHANTOM OMNI hand controller to perform force-tactile interaction operation, which realizes the deformation simulation of the virtual aortic vessels as shown in Fig. 6.

[image: images]

Figure 6: Simulation environment

During the simulation, we firstly used 3Dmax software to reconstruct the 3D geometric model of vascular tissue according to the medical CT image. Besides, we employed OpenGL to visually render the vascular model and virtual surgical scene with illumination and texture mapping. Then the operator used the PHANTOM OMNI to interact with vascular tissue through a virtual surgical instrument, resulting in producing deformation under the action of an external force. Finally, the feedback force generated by the deformation is output to PHANTOM OMNI, making the operator feels the feedback force.

3.2 Simulation Results

To verify the effectiveness of the proposed model and the stability of the virtual vascular interventional training system, we built a straight, bent, and twice bent deformation simulation process for a hand dorsal vein, aortic vessels, and retinal artery vessels, respectively, as shown in Figs. 7, 8, and 9. It can be seen that the deformation process is continuous and the fluent, the deformation effect is realistic when the operator applies the stress to vascular tissues using a virtual catheter.

[image: images]

Figure 7: The deformation of hand dorsal vein

[image: images]

Figure 8: The deformation of bent aortic vessels

[image: images]

Figure 9: The deformation of retinal artery vessels under bent twice state

3.3 Experimental Analysis

3.3.1 Accuracy of Model

This study added the same stress force to real and virtual hand dorsal vein, computed their displacement, and compared the force-displacement curves to verify the accuracy of the proposed model. The mass-spring model [8], the finite element model [23], the tensor-mass method [26], the filling model [27], the position-based dynamics method [16], and the proposed model in this paper are used to conduct the deformation simulation of virtual hand dorsal vein. Fig. 10 shows the force-displacement curves of real hand dorsal vein and virtual hand dorsal vein based on six different models. From seen Fig. 10, it is obvious that the virtual hand dorsal vein based on the proposed model has a similar force-displacement curve with the real hand dorsal vein, which matches the real curve better than based on other five models.

[image: images]

Figure 10: The force-displacement curves of real and virtual hand dorsal veins

3.3.2 Real-time Performance of Model

Real-time performance is a key factor in virtual surgery, because it directly affects the authenticity of a virtual vascular interventional training system. Frames per second (FPS) is an important indicator to measure real-time performance. Commonly, 30 frames can meet the demand for virtual surgery training. Also, the larger the FPS is, the higher the visual refresh rate is, and the better the real-time performance is [28]. Therefore, we used the mass-spring model [8], the finite element model [23], the tensor-mass method [26], the filling model [27], the position-based dynamics method [16], and the proposed model to simulate the deformation based on a different number of vascular nodes. Then, we compared the frames and the deformation time to verify the real-time performance. The deformation time and the frames of different cases are shown in Figs. 11 and 12, from which the proposed model has the least deformation time and the largest frames than the other five models based on same vascular node size. Therefore, the conclusion can be drawn that the real-time performance of the proposed model outperforms the other five models.

[image: images]

Figure 11: Deformation time of the simulation with six different models

[image: images]

Figure 12: Frames of the simulation with six different models

3.3.3 Comprehensive Evaluation of Model

The visual characteristic, operational characteristic, and tactile characteristic of the virtual vascular interventional training system directly influence its force-tactile perception performance and friendliness of human-computer interaction. Therefore, the analytic hierarchy process [29] is utilized to verify the force-tactile perception performance of the proposed model by comparing the performance of six different models on the basis of earlier three characteristics. The six models includes the mass-spring model [8], the finite element model [23], the tensor-mass method [26], the filling model [27], the position-based dynamics method [16], and the proposed model.

Analytic hierarchy process, which evaluates the force-tactile perception performance of the simulation system based on the proposed model, is mainly divided into the following three steps:

(1) Establish the hierarchical structure of the evaluation system

[image: images]

Figure 13: Evaluation system of the force-tactile perception performance

The force-tactile perception performance of the simulation system is taken as the evaluated object, and its characteristics are hierarchized to build a hierarchical structure, including the target layer, criterion layer, indicator layer, and scheme layer, which is constructed as shown in Fig. 13. The target layer T indicates the superiority of force-tactile perception performance. The criterion layer C is the first-level evaluation indicator, including visual characteristic [image: images], operational characteristic [image: images], and tactile characteristic [image: images]. The indicator layer I is the second-level evaluation indicator, including the image fluency [image: images], visual refresh rate [image: images], update real-time characteristic [image: images], texture characteristic [image: images], interaction naturalness [image: images], system stability [image: images], deformation accuracy [image: images], haptic feedback [image: images], and feedback authenticity [image: images]. The scheme layer S is the six models mentioned previously.

(2) Determine the weight of evaluation indicator

Table 1: Weight assignment for force-tactile perception performance evaluation

[image: images]

Eighteen doctors have been participating in the study from the first affiliated hospital of Nanjing Medical University, including 8 interns, 3 residents, 4 associate chief physicians, and 3 chief physicians. The doctors score each evaluation indicator based on the 1–9 ratio scale [30] according to the influence of different evaluation indicators on the force-tactile perception performance. The comparison matrix is constructed by combining the opinions of doctors on the score of the evaluation indicator, so that the weight of each evaluation indicator can be calculated and the consistency of the comparison matrix can be checked, as shown in Tab. 1.

(3) Comprehensive evaluation result

Table 2: Evaluation standard of the force-tactile perception performance

[image: images]

Firstly, doctors are invited to interact with the virtual vascular tissue simulation system based on the six different models through PHANTOM OMNI. Secondly, please they observe the visual characteristics, operational characteristics, and tactile characteristics carefully and define the evaluation standard of the force-tactile perception performance according to the interaction results, shown in Tab. 2. Thirdly, they grade each evaluation indicator, and finally, the comprehensive score of the force-tactile perception performance of the simulation system is obtained by multiplying each evaluation indicator score and its corresponding weight, as calculated in Eq. (40)

[image: images]

where G is the comprehensive score, k is the number of the evaluation indicator in the indicator layer, [image: images] is the comprehensive weight of evaluation indicator [image: images], and [image: images] is the score of evaluation indicator [image: images].

The comprehensive evaluation results of the force-tactile perception performance of the simulation system is summarized in Tab. 3.

Table 3: Comparison of the comprehensive evaluation results

[image: images]

Tab. 3 indicates that the proposed model achieved the highest comprehensive score. It means the virtual vascular interventional training system based on our model has the best force-tactile perception performance, better visual characteristics, operational characteristics, and tactile characteristics.

4  Conclusion

In this paper, we proposed a fast and accurate vascular tissue simulation model based on point primitive method in a virtual vascular interventional training system. The deformation simulation is built on PHANTOM OMNI force-tactile feedback device with 3Dmax 2019, VC++ 2019, and OpenGL 4.6. This method establishes a deformation model to control the motion of the nodes using the point primitive method inside the vascular tissue. Besides, in this deformation model, the stretching constraint and elastic potential energy constraint are added to characterize the elasticity of soft tissue. In addition, the mapping function from the interior to surface of the vascular tissue is constructed to render the deformation effect. Experimental results show that the proposed model not only provides high deformation accuracy, but also has a fast real-time performance.

To apply the proposed model to a virtual vascular interventional training system, the force feedback needs to provide high fidelity. Follow-up research will focus to more accurate calculation, high-efficiency data processing. Furthermore, this study only simulated the deformation of vascular tissue due to the limitation of CPU computational power, which did not consider further interactions and simulations after deformation, such as constructing the cutting and bleeding simulations. In the future, we will attempt to study the cutting simulation of the vascular tissue by accelerating the deformation computation with the aid of GPU.
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