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Magnetic soft robots, as an innovative branch of the soft robotics discipline, are eye-catching because of their

excellent controllability and high flexibility under the control of magnetic fields. Thanks to the properties of magnetic

materials, this type of robot can be manufactured into extremely fine micro guide wires, making it particularly

applicable in fields such as minimally invasive pipeline interventional treatment or interventional laser surgery.

Although magnetic soft robots and continuum robots belong to the same category of soft robots, they show obvious

differences and complementarities in design concepts, application scenarios, and technical implementation.

Especially from the perspective of structural size, continuum robots have encountered certain challenges in

miniaturization, and magnetic soft robots can be regarded as an important expansion and deepening of continuum

robots in terms of size reduction.

soft robots  magnetic soft robots  continuum robots  interdisciplinary challenges

medical robots

1. Continuum Robots

The researchers elucidate the modeling methodologies of continuum and magnetic soft robots through illustrative

diagrams and mathematical expressions. This includes exploring principles, data, and hybrid modeling techniques

and simplifying the complexity of interdisciplinary integration.

1.1. Principle Modeling

Modeling continuum robots is a multifaceted and multi-dimensional challenge. From the perspective of handling the

unit structural form, continuum robot modeling can be primarily categorized into several approaches: Cosserat rod

theory  for micropolar bodies, piecewise constant curvature (PCC) models , arc segment models ,

geometrically finite element methods , and modal methods . Micropolar and finite element approaches are

more suited for describing complex nonlinear deformations in continuum robots. At the same time, PCC and arc

segment models are better tailored for rapid calculation and control in engineering applications of continuum

robots.

Although the Cosserat rod approach, PCC, arc segment models, and modal methods differ in their names and

forms of representation, they essentially serve as distinct simplification methods for addressing the same problem.

Viewed from the perspectives of group theory and topology , these methods all aim to describe the
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position and orientation of continuum robots at specific points. Consequently, the kinematic description of

continuum robots is fundamentally consistent with that of rigid robots. The particular expressions are as follows:

In the context of continuum robot modeling, 𝒈∈𝑆𝐸(3) encompasses both the position 𝐩(𝑋,𝑡) and orientation 𝐑(𝑋,𝑡).

Precisely depicting the robot’s orientation, including its position and direction, is undoubtedly a central aspect of

modeling. Various orientation representation methods, such as rotation matrices, Euler angles, unit quaternions,

screw theory , and Plücker coordinates, each possess their distinct advantages, limitations, and applicability .

The actual choice depends on multiple factors, including the complexity of the application environment and

available computational resources. These representation methods can be interconverted through mathematical

transformations in certain intricate application scenarios, offering enhanced flexibility. A common method of

orientation conversion is presented below:

Although rotation matrices are excellent for their intuitiveness, they can be computationally and storage-intensive,

which may become a limiting factor in applications of continuum robots requiring real-time control and dynamic

simulation. In contrast, Euler angles are easy to understand and implement, but can introduce unnecessary

restrictions and complexities in describing complex orientation changes due to the gimbal lock issue. Unit

quaternions and screw theory , within the mathematical framework of Lie groups and Lie algebras, offer more

precise and efficient methods for describing the complex motions and configurations of continuum and magnetic

soft robots. Lie groups and Lie algebras facilitate a lossless mapping from nonlinear to linear, providing profound

and refined mathematical insights into this problem.

From an interdisciplinary perspective, selecting an appropriate method for orientation representation involves a

decision-making process that spans multiple dimensions and levels. This decision affects the accuracy and

complexity of the model and significantly influences the design of subsequent control algorithms and the

optimization of the overall system. Therefore, when making this decision, it is imperative to consider various

technical and application factors comprehensively. This interdisciplinary and multi-faceted approach not only aids in

advancing fundamental research in continuum robots, but also provides solid theoretical support for their

application in various practical scenarios.

In the discussion above, the researchers have detailed the rigid description of robot kinematics. However, given the

significant compliance and adaptability of continuum robots, constructing their nonlinear dynamic equations

necessitates particular attention to accurately handling the constitutive relations of compliance. In this context,

Poincaré’s new dynamics equations provide a critical theoretical framework . Following the criterion of continuity

for partial derivatives, ∂𝑡∂𝑋=∂𝑋∂𝑡, the researchers can derive the compatibility equations for continuum robots:
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The researchers have ad𝝃𝜼=[𝝃,𝜼]=𝝃𝜼−𝜼𝝃. Observing equations from a temporal or spatial perspective reveals that

the velocity field variable 𝜼 can be expressed as the strain field variable 𝝃, independent of time t. Building upon

Equation (3), it is essential to establish the relationship between strain 𝝃 and the generalized coordinates 𝒒. Solid

mechanics  provides the theoretical underpinning for this relationship. The relationship of the generalized

coordinates 𝒒 can be represented as follows:

where 𝝫(𝑋) is the basis function. To capture the dynamic behavior of continuum robots in complex environments

and under the influence of various forces, the kinematic model of continuum robots can be described using the

Euler–Lagrange equation or Hamiltonian equation, based on the generalized coordinates 𝒒. This kinematic model

can be represented as:

In this context, 𝑴(𝒒) represents the mass matrix, 𝑪(𝒒,𝒒˙) denotes the Coriolis term, 𝑮(𝒒) signifies the gravitational

term, and 𝝉R is the input torque. Equation (5) establishes a more general dynamic equation for continuum robots.

To delve deeper into the analysis and synthesis of continuum robots, it is imperative to transform their dynamic

model Equation (5) into a first-order Hamiltonian form. This transformation is beneficial for comprehending the

fundamental characteristics of the system, but also serves as a powerful mathematical tool for further control and

optimization endeavors.

In the realm of multibody dynamics modeling, the process is often complex. Specifically, for tendon-driven, multi-

rod-driven, and magnetic drive continuum and magnetic soft robots, it becomes necessary to incorporate the

descriptions of tendons, rods, or magnetic fields, and establish their relationships with the generalized coordinates.

Furthermore, additional elements may need to be considered to develop a more comprehensive dynamical model.

For instance, tendons , multi-rod  and magnetic  elements. Sometimes, introducing Lagrangian multipliers,

as suggested in , is required to accurately describe these interactions in the model. An interdisciplinary and

multifaceted approach is often necessary for more complex scenarios, considering various factors such as

environmental constraints, as detailed in . It is important to note that even with a comprehensive model, there

are inherent assumptions and limitations. For instance, some models might assume material homogeneity or

overlook nonlinear factors like friction and air resistance. Therefore, understanding the assumptions and limitations

of these models is crucial when applying them in practical scenarios.
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1.2. Data Modeling

Traditional rigid robots have been primarily utilized in factory settings, focusing on executing single, predefined

tasks. Precise mathematical models are often one of the best options for these applications. However, as the tasks

and environments for robotic applications become more complex, researchers have attempted to develop more

intricate models. Yet, this approach significantly increases computational costs. In practical applications,

compromises often need to be made, followed by optimization through control algorithms, which may not fully

leverage the potential of modeling techniques. The challenge of modeling and controlling compliant continuum

robots designed to operate in complex environments is substantial. Initially, the focus was primarily on developing

models based on various assumptions.

With the ascent of deep learning  and artificial intelligence , data-driven models have garnered

widespread attention across multiple domains, including robotics . These models are increasingly being

integrated into robotic modeling processes. Soft robots have notably adopted these advanced technologies,

achieving significant breakthroughs . This trend has also captivated researchers in continuum robots, a

field grappling with nonlinear modeling challenges, spurring extensive research into data-driven modeling

methodologies for continuum robots . Data-driven modeling relies heavily on collecting and preprocessing

high-quality data and selecting features and models carefully. In the context of continuum robotics, data acquisition

predominantly depends on sensor data  (such as position, shape, flexibility, and bending), control signals,

external databases or systems  (like SOFA , Sorosim , and SimSOFT ), nonlinear experimental data ,

simulation data , particular environmental factors, and expert input.

In data-driven modeling, particularly in the application to continuum robots, subsequent steps and corresponding

challenges arise once data collection is completed. These steps include data preprocessing , feature

engineering , model selection , model training , model validation  and, ultimately, model

deployment . For instance, challenges such as addressing missing and outlier values often arise during the data

preprocessing stage, which is typically complex and prone to errors. Feature selection and engineering require an

in-depth analysis of the raw data to identify the most relevant features. Meanwhile, during the model selection and

training phases, the researchers encounter the intricate task of choosing the most suitable model for the problem

and fine-tuning its parameters.

Research and practice have adopted various effective strategies to address complex issues. During the data

preprocessing stage, statistical methods and professional cleaning tools are employed . Machine learning

assesses feature importance and conducts correlation and causality analyses for feature selection. Model selection

and training heavily rely on cross-validation and grid search techniques. Regularization or ensemble methods are

utilized during the model validation phase to prevent overfitting. Finally, model deployment involves A/B testing to

verify real-world utility and performance monitoring to ensure stability. Data-driven modeling, especially in applying

continuum robots, confronts various challenges. These include, but are not limited to, data quality, high

dimensionality and sparsity, imbalanced datasets, and the optimization of model hyperparameters. Furthermore,
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computational resource limitations and model interpretability must also be considered. Specific techniques and

approaches must be employed to ensure the effectiveness and reliability of the models.

Various machine-learning models have been successfully employed in various application scenarios of continuum

robots. These models include neural networks , reinforcement learning , support vector machines ,

and a myriad of combined strategies . They have demonstrated exceptional performance in trajectory prediction,

action recognition, and fault detection. Moreover, statistical models like Bayesian networks and Gaussian

processes have also played a role in estimating the state and parameters of robots.

However, it is noteworthy that in the application of continuum robots, the interpretability of models  holds

importance. This is especially evident in critical application scenarios such as medical surgery, where

understanding the logic behind model predictions enhances user trust in the model and is also a critical factor in

ensuring operational safety. Yet, deep learning models are often perceived as ’black boxes’ with complex internal

logic to decipher. This challenge extends beyond technical aspects, encompassing ethical, social, and legal

dimensions, suggesting that a comprehensive solution may involve a broader range of disciplines.

An interdisciplinary perspective, particularly from fields such as computer science, ethics in artificial intelligence,

and psychology, offers new directions and methodologies for addressing the issue of model interpretability 

. Integrating concepts like attention mechanisms  and local interpretable models can uncover the rationale

behind model decisions . This not only enhances the credibility of models in applications such as continuum

robots, but also takes into account the ethical and social responsibilities of the models. In applying continuum

robots, data-driven modeling is pivotal in solving technical challenges and opens new avenues for interdisciplinary

research and collaboration. This contributes not only to the expansion of application horizons, but also provides

new perspectives and tools at both theoretical and practical levels for addressing complex problems in the real

world.

1.3. Hybrid Modeling

Principle modeling typically focuses on deriving fundamental equations of robot kinematics from basic physical

principles. Still, such models often necessitate simplifications or assumptions in dealing with complex factors, such

as friction and nonlinear responses. Conversely, data-driven modeling relies on extensive information collected

from experimental data or real-world operations, fitting or interpreting these data through machine learning or

statistical methods. Yet, it may lack a profound understanding of the underlying physical processes. Hybrid

modeling  aims to synthesize the strengths of both approaches, thereby achieving a more comprehensive

and accurate representation of intelligent system behavior.

Hybrid modeling represents a multi-scientific amalgamated modeling strategy , integrating diverse modeling

methodologies and data sources . This includes, but is not limited to, physically based models, data-driven

models, statistical models, heuristic algorithms, and expert knowledge. The strategy aims to achieve

comprehensive and precise description and control of complex, uncertain, and nonlinear systems by amalgamating
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various sources of information. The framework is applicable in the narrow sense of combining physical and data

models and in a broader context of blending interdisciplinary modeling approaches . Hybrid modeling in

continuum robots primarily focuses on incorporating data-driven elements into physical models, particularly in the

aspect of control algorithms . Although the efficacy of this hybrid method has been notably enhanced with the

continuous advancement of principle models and data science technologies , the significant compliant

nonlinearity characteristics of continuum robots and the complexity of their operating environments necessitate and

urge the expansion of the application scope and perspective of hybrid modeling.

Hybrid modeling has been extensively researched across various disciplines . For the first time, the

researchers explore the hybrid modeling of continuum robots from both vertical and horizontal perspectives. A key

element in the vertical approach is determining how to allocate weights to theoretical and data models

appropriately, a process often dynamic and dependent on the environment. In scenarios with insufficient

experimental data or low data quality, theoretical modeling is usually given greater weight, leveraging existing

physical knowledge and mathematical theories for more reliable predictions. Conversely, when data are abundant

and reliable, data models may receive higher weighting to capture complex environments’ impacts or nonlinear

factors’ impacts more accurately. Additionally, in the framework of hybrid modeling, the horizontal integration

strategy is also crucial, involving the combination of different types or sources of models on the same level 

. For example, a continuum robot may possess multiple degrees of motion and sensory modules, each

capable of being modeled theoretically and through data independently. Horizontal integration then addresses how

to amalgamate these independent or partially overlapping models into a unified, more comprehensive model.

The hybrid modeling approach may increase the complexity and computational cost of the model while also

complicating the model validation process. Ensuring that theoretical and data models are based on consistent

assumptions and datasets to maintain data consistency presents a challenge . Dynamically adjusting model

weights can enhance adaptability, but may also impact model performance. Additionally, in an interdisciplinary

environment, model interpretability should not be overlooked . Resolving potential disciplinary contradictions or

conflicts is a complex yet necessary task. Hybrid modeling provides a possible theoretical framework for continuum

robots and extends to a more interdisciplinary domain. Within the broader context of interdisciplinary research,

hybrid modeling could emerge as a diversified framework, accommodating knowledge and methodologies from

various fields ranging from physics and material science to computer science, robotics, and statistics. This not only

accelerates the flow of information and exchange of knowledge between disciplines, but also enriches the

interdimensionality and accuracy of the models. More importantly, such interdisciplinary collaboration implies a

multi-faceted examination of model assumptions and limitations, enhancing the model’s reliability and adaptability.

2. Magnetic Soft Robots

While continuum robots focus on millimeter-scale or more oversized dimensions, magnetic soft robots can extend

to the nanoscale. However, ignoring the quantum effects of microscopic physical phenomena becomes challenging

at the nanoscale. Therefore, the influences of different forms of magnetic fields and quantum effects are equally

important to consider.
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2.1. Uniform Magnetic Field

The uniform magnetic field is essential for its stable control environment in magnetic soft robots. This stability

simplifies experimental design and ensures predictability and repeatability in wide-ranging applications, highlighting

the need for advanced modeling to leverage its unique benefits effectively. For the magnetic soft robots described

in Equation (5), the primary source of actuation has shifted from mechanical drive to the torque exerted by

magnetic moments. This transition simplifies the model and opens new possibilities for precise control. Specifically,

based on the existing continuum robot dynamics models, the researchers can construct a more comprehensive

and unified theoretical framework for magnetic soft robots in uniform magnetic fields by introducing magnetic

moments as the main source of actuation . For instance, the interaction between the magnetic moment

𝒎 and a uniform magnetic field 𝑩 can be described by the following mathematical expression involving magnetic

field strength, current density, and other physical parameters:

The magnetic moment term in Equation (7) needs to be incorporated into Equation (5) to successfully construct the

dynamic model of filamentous magnetic soft robots. This model increases the complexity and comprehensiveness

of the original dynamics model, and opens new possibilities for precise control and optimization. Further

information on the construction of filamentous magnetic soft robots can be found in the related literature 

.

2.2. Non-Uniform Magnetic Field

Despite the preference for uniform magnetic fields due to their simplicity in modeling and predictability in

operational contexts, such as in the case of filamentous magnetic soft robots , non-uniform magnetic fields have

demonstrated undeniable advantages in specific specialized medical applications. Specifically, non-uniform

magnetic fields offer enhanced capabilities for localized and adaptive manipulation, making them particularly

suitable for interventions in complex and deep-seated tissue structures, such as aortic treatment  , cancer

therapy , neuro intervention , intravascular surgery , and endoscopic procedures , etc. .

These unique advantages underscore the critical importance of non-uniform magnetic field modeling in medical

scenarios requiring high precision and flexibility in deploying soft magnetic robots.

In a uniform magnetic field, since the net magnetic force is zero, our discussion primarily focuses on the influence

of the magnetic torque. However, when transitioning to a non-uniform magnetic field, the situation becomes more

complex. In such environments, microrobots are influenced not only by magnetic torque but also by magnetic

forces. This can be expressed by the following equation, which demonstrates that:
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Although the hybrid Equation (8) increases the complexity of the model, it also expands our capability to control

magnetic soft robots in various application scenarios precisely. Furthermore, fluid resistance becomes an

indispensable dynamic factor in scenarios involving fluid mediums, such as operations within blood vessels or body

cavities, especially in applications involving the manipulation of microrobots in fluid mediums. The following

equation can represent this resistance:

With a viscosity of 𝜂, 𝒖 is the fluid velocity and 𝒗 is the velocity of the robot in the fluid, and r is the approximate

radius of the robot. Considering fluid resistance makes the multiphysics model more aligned with real-world

applications and provides rich content for subsequent in-depth analysis and understanding. The net external force

generated by the magnetic field and fluid resistance is reflected in the acceleration 𝑑2𝒙𝑑𝑡2 of the robot’s center of

mass. The latter describes the robot’s angular acceleration 𝑑2𝜃𝑑𝑡2 around its center of mass, which is determined

by the total external torque 𝜏 applied. These two equations provide us with a complete and in-depth perspective for

understanding and analyzing the dynamic behavior of robots in complex multiphysics fields. Therefore, the motion

equation and rotational dynamics of the robot are, respectively, given by:

 

It should be noted that fluid resistance, the mass matrix, and the Coriolis terms remain constant in both models.

However, the researchers often face more complex magnetic field environments in practical applications. These

environments may not only be non-uniform, but may also involve the combined effects of multiple magnetic fields.

More importantly, in actual surgical applications, it is necessary to consider problems faced by interdisciplinary,

such as biofilms  and infections related to catheters . Although the literature  proposes a strategy for

preventing biological infections, it still confronts multiple challenges . Therefore, realizing the application of

magnetic soft robots in the medical field requires interdisciplinary collaboration and integration.

2.3. Quantum Effects

At the micro and nano scales, modeling magnetic soft robots particularly requires further consideration of aspects

such as quantum effects and molecular dynamics, as these factors may play a significant role at this scale . For

instance, quantum effects could influence the electromagnetic properties of materials . Therefore, it is

necessary to select a quantum mechanical model to describe these phenomena in addition to the dynamic

description provided by Equation (10). This could include models like Density Functional Theory  (DFT) or

Hartree–Fock , among others. This model is typically defined by a Hamiltonian 𝐻𝑄:
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where T represents the kinetic energy term and 𝑉𝑄(𝒓𝑄) is the quantum potential energy. The system’s ground state

or several low-excited states are found by solving the Schrödinger equation or other quantum equations

corresponding to the Hamiltonian 𝐻𝑄. Subsequently, the quantum correction force 𝑭𝑄 is calculated, which is

typically the gradient of the quantum potential energy 𝑉𝑄 concerning the coordinates 𝒓𝑄:

This approach of introducing quantum effects through quantum correction forces offers the advantages of simplicity

and broad applicability. Still, it also has the drawbacks of limited accuracy and the potential for increased

computational burden. Finally, it is worth noting that in addition to quantum correction forces, path integral

molecular dynamics (PIMD) can be used for a careful consideration of quantum effects . PIMD represents a

more exhaustive yet complex method, typically employed in systems where precise consideration of quantum

effects is necessary.

The complex response characteristics of magnetic soft robots in nonlinear magnetic fields increase the difficulty of

data modeling, rendering traditional linear models inadequate. Nonlinear models or deep learning algorithms are

necessary to capture these relationships . Modeling of magnetic soft robots must address time dependency,

potentially utilizing networks with memory capabilities such as RNNs or LSTMs. Three-dimensional operations and

complex magnetic fields pose challenges for data collection, necessitating specialized sensors or computer vision

techniques. Data modeling  and hybrid modeling offers multiple options for magnetic soft robots, in

contrast to the mature technologies of continuum robots. Researchers should draw on continuum robot strategies,

emphasizing the integration of precise models, advanced algorithms, and sensing technologies while focusing on

interdisciplinary biocompatibility studies in biological environments.

Data modeling for magnetic soft robots poses more significant challenges than traditional continuum robots,

necessitating the management of more complex issues such as data sparsity imbalance and ensuring model

interpretability and safety. Models must accurately capture nonlinear magnetic responses and maintain reliability in

dynamic environments. This requires integrating data science and physics knowledge, advanced deep learning,

and physical models to ensure accuracy in their three-dimensional operations and complex magnetic field

responses. Therefore, interdisciplinary hybridization and combining theoretical and practical data are crucial in

developing magnetic soft robots.
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