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ABSTRACT

This paper presents a novel cable-climbing mechanism: the Collaborative Climbing Robot Squad (CCRobot-S), a variant of
Reconfigurable Cable-Driven Parallel Robots (R-CDPR), specifically designed for the inspection and maintenance of stay cables.
The forward kinematics of the CCRobot-S robotic system, however, is inherently mathematically intractable. This research
proposes a novel cascaded strategy with Embodied Artificial Intelligence (EAI) to effectively tackle the forward kinematics
problem. In this proposed strategy, a lightweight deep learning-based model integrated with numerical method optimization
supplants traditional methods, providing feedback on the poses of the flying platform to the control loop of the CCRobot-S
robotic system. It provides an approximate solution as initial values through a deep neural network by learning from physical or
simulated interactive experiences of CCRobot-S, and then transfers the suitable initial values with kinematic constraints or
physical constraints that are near the real solution to the numerical method. This process achieves a stable and robust solution
for the forward kinematics of CCRobot-S. This article includes the foundational kinematic analysis of CCRobot-S, the for-
mulation of the CCRobot-S model, a comprehensive introduction and analysis of the cascaded strategy, including the dataset
preparation, the training configuration, the solution inference, and the numerical method optimization. Comprehensive eva-
luations and experiments were undertaken to examine the proposed strategy. The results reveal and confirm that the deep-
learning neural network implemented in the CCRobot-S robotic system is effective. Additionally, the proposed cascaded
strategy achieves higher prediction accuracy than the standalone neural network approach under the condition of real-time
execution (position error reduced from 1.43 + 1.88 mm to 0.16 + 0.73 mm in the X direction, from —2.72 + 4.05 mm to
—0.46 + 0.85 mm in the Y direction, and from 2.32 + 2.51° to —0.65 + 0. 6° in the ® orientation). The cascaded strategy also
guarantees convergence in 100% of test cases (50/50) and demonstrates enhanced stability and robustness (1:1 mapping from
the joint space to the task space)relative to the conventional Newton-Raphson algorithm's numerical method. These attributes
are crucial and necessary for the CCRobot-S system to be effectively deployed in real-world applications.

This is an open access article under the terms of the Creative Commons Attribution License, which permits use, distribution and reproduction in any medium, provided
the original work is properly cited.
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1 | Introduction

Various cable-climbing robots have been developed to inspect
and maintain bridge cables, which serve as the primary load-
bearing components of cable-stayed bridges. These cables are
susceptible to long-term damage caused by corrosion due to
rainwater penetration, wear resulting from wind- and rain-
induced vibrations, and external forces. The majority of these
cable climbing robots, as documented in the literature, are fo-
cused on stay cable inspection with carrying detection (Menggi
et al. 2024; Cho et al. 2013a, 2013b, 2014, 2016; Xu et al. 2011;
Nguyen et al. 2024, 2022; Tavakoli et al. 2012, 2011; Wang
et al. 2021; Nguyen et al. 2024; Xu et al. 2025), with only a small
amount of cable climbing robots used for cable maintenance
tasks (Xu et al. 2021; Luo et al. 2007; Li et al. 2009; Yuan
et al. 2010), since inspection tasks only need to move robots
with low loads, while maintenance tasks always need to equip
heavy payloads. Current cable-climbing robots can rarely
directly equip such units due to their low load capacity.
Meanwhile, most of the current cable climbing robots are
constrained to a stay cable, and they can not cross over the stay
cables, which leads to low working efficiency.

The category of Cable-Driven Parallel Robots (CDPRs) that
possess the ability to dynamically alter cable attachment points
is designated as Reconfigurable Cable-Driven Parallel Robots
(R-CDPRs) (Piva et al. 2025; Trautwein et al. 2025; Wu
et al. 2025). Reconfiguration is generally accomplished by per-
mitting the cable attachment points on the base frame to move
without restriction. Typically, R-CDPRs are composed of a
mobile platform (end-effector) connected to a movable base via
flexible cables. The lengths of these cables are adjusted through
the use of winches, with the movable base facilitating platform
motion control. Cables provide the additional benefit of being
capable of being coiled, which is advantageous for both actua-
tion and transport purposes. In contrast to conventional CDPRs
(Xu et al. 2024; Gao et al. 2025; Wang et al. 2025), the bases of
R-CDPRs are not fixed; the geometric structure can be re-
configured by adjusting the cable setup. This reconfigurability
affords a greater range of flexible configuration options and
enhances the robot's performance in several ways, such as en-
larging workspaces, boosting system rigidity, enhancing pay-
load capacity, or reducing cable tensions.

As such, we introduce a novel cable climbing mechanism: a
Collaborative Climbing Robot Squad (CCRobot-S) based on
R-CDPR for bridge cables inspection and maintenance tasks, as
shown in Figure 1. This system allows for a reconfigurable
kinematic morphology through its movable anchor bases and
enables the capacity to cross over the stay cables for its flying
platform. Compared to our earlier CCRobot series (Zheng
et al. 2018a, 2018b, 2025; Zheng and Ding 2019; Ding et al. 2020;
Zheng et al. 2022; Zhang et al. 2021; Zheng et al. 2021), the col-
laborative robot squad design liberates the dimensions and scales
of the robot's reachable workspace. It moves the part of the robotic
system that indeed needs to be moved, thereby enhancing the
working efficiency and climbing agility. Additionally, this strategy
utilizes controllable adhesion instead of friction to interact with
the bridge cable surface for the flying platform, achieving force
multiplication for more effective manipulation.

Although CCRobot-S significantly enhances the efficiency and
heavy-duty capacity for cable inspection and maintenance

Movable Anchor Base

i

Bridge Cable

FIGURE 1 | The Collaborative Climbing Robot Squad (CCRobot-S)
based on the reconfigurable cable-driven parallel mechanism. [Color
figure can be viewed at wileyonlinelibrary.com]

tasks, the mobility of its base introduces redundancy, which in
turn increases the complexity of motion control for the flying
platform. Given the augmented number of reconfigurable
Degrees of Freedom (DoFs), the key challenge in the motion
control of the CCRobot-S is to ascertain a stable and accurate
solution to the forward kinematics. In the motion control of
CCRobot-S, forward kinematics is used to estimate the pose and
velocity of the flying platform as feedback values in the control
loop. The solution to the forward kinematics problem is es-
sential for completing the control loop in the motion control
system. Specifically, the forward kinematics determines
whether the desired point within the workspace has been
reached. This information is crucial for adjusting the robot's
movements to ensure precise positioning and effective task
execution.

For serial robots, it is straightforward to calculate the pose of
the end-effector from given joint coordinates (Denavit and
Hartenberg 1955), and the result is always unique, even if the
robot has kinematically redundant articulated joints. For par-
allel robots, this problem can be complex, and reconfigurability
makes the situation worse. Small errors in the kinematic
parameters due to disturbances in the measurement and other
uncertainties from the movable anchor bases can lead to sce-
narios where no solutions or an infinite number of solutions are
found. Meanwhile, the kinematic redundancy arising from the
base mobility leads to high-dimensional nonlinear character-
istics in the kinematic formulations. Furthermore, the distinc-
tive feature of the cable robot—the unidirectional nature of the
forces applied by the cables on the end effector (Oh and
Agrawal 2005)—requires that the tension distribution algorithm
must be implemented to ensure the positivity of cable tension
(Borgstrom et al. 2009), which will exert constraints on the
solving of the forward kinematics problem. In practical appli-
cations, ill-suited pose feedback from the forward kinematics
may lead to dangerous and devastating situations. For instance,
the platform may rush or crash into an undesired position, the
driving cable may tear apart abruptly, or the flying platform
may drop suddenly. These incidents can cause severe damage to
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the robot and pose significant safety risks. Consequently,
achieving a stable and robust solution for the forward kine-
matics of CCRobot-S is a significant challenge.

1.1 | State of the Art

Extensive research has been conducted on the forward kinematics
problem in the context of various parallel robot configurations. In
spite of reported successful solutions, scholars persist in exploring
diverse methodologies within this domain. Existing forward
kinematic analysis methodologies can be broadly categorized into
five approaches: 1) the algebraic approach, 2) the analytical
approach, 3) the numerical method, 4) optimization techniques,
and 5) neural network-based strategies.

The algebraic approach represents a kinematic mapping tech-
nique wherein constraints are reformulated into a univariate
polynomial. Husty (Husty 1996) presented an algorithm for
addressing general kinematics, utilizing kinematic mapping
(Bottema and Roth 1990) to transmute kinematic equations into
a projective space. This transformation offers valuable insights
into the architecture of the underlying mathematical challenge.
Within this projective space, the equations assume an algebraic
form, culminating in a polynomial of degree 40. Regrettably, the
algebraic approach appears to be unsuitable for real-time ap-
plications. Moreover, the manipulation of 40th-order polyno-
mials necessitates highly specialized numerical methods, with
numerical stability emerging as a critical concern.

The analytical approach seeks to derive a closed-form expres-
sion for solving the forward kinematics problem. While com-
putationally efficient, this method is typically only applicable to
simple parallel robots with low degrees of freedom, as it
depends on specific, non-generic geometries (Bosscher
et al. 2007; Yang et al. 2004; Ferraresi et al. 2004). For such
specialized geometries, unique structural characteristics can be
leveraged. Yang et al. (2004) proposed an intriguing method for
the kinematic analysis of a planar robot with three degrees
of freedom and four cables. By capitalizing on the over-
constrained nature of this mechanism, a fourth-order polyno-
mial was formulated, offering a fundamentally closed-form
solution. Ferraresi et al. Ferraresi et al. (2004) detailed a closed-
form solution for a suspended cable robot configured in a 6-3
setup, where the robot's geometry aligns with the Simplified
Symmetric Manipulator (SSM) design, a well-recognized con-
figuration in traditional parallel robotics. However, in practical
applications, Reconfigurable Cable-Driven Parallel Robots
(R-CDPRs) seldom exhibit such non-generic geometric attri-
butes, given that their geometric configurations are dynamically
reconfigurable through the continuous adjustment of cable
attachment points.

The numerical method employs numerical techniques such as
the Newton-Raphson or Levenberg-Marquardt algorithms,
commencing with an initial guess, to iteratively solve the for-
ward kinematics problem. It is evident that the majority of
objectives under study necessitate numerical solutions due to
the complexity of formulating analytical solutions for over-
constrained nonlinear equations (Jeong et al. 1999; Miermeister
et al. 2013; Pott 2010). However, starting with an unconstrained
initial guess poses risks of slow convergence rates, trapping in
local optimums, or incorrect solutions during the iterative

search process. Meanwhile, iterative solvers have the drawback
that their region of convergence is limited and difficult to pre-
dict. If multiple solutions exist, it is difficult, but possible
(Merlet 2004) to find all of them, and how to choose the correct
solution is still a tricky problem. Additionally, these iterative
search methods treat the cables as rigid links, and the tension
condition of the cables is not considered. This treatment can
also incur a wrong solution. Non-convergences or incorrect
solutions mean wrong feedback poses in the control loop, which
may lead to dangerous and devastating situations. For instance,
the platform may rush or crash into an undesired position, the
driving cable may tear apart abruptly, or the flying platform
may drop suddenly. These incidents can cause severe damage to
the robot and pose significant safety risks.

Optimization represents an alternative methodology for ascer-
taining the solution to the forward kinematics problem,
wherein the roots of the constraint equations must be approx-
imated as accurately as feasible. These constraints are essen-
tially distance equations, interpretable as the squared distance
from an exact solution. Thus, summing up the errors from each
constraint leads to a least-squares problem. In the study by
Santos et al. Santos and Gouttefarde (2021), the forward kine-
matics is formulated as the problem of minimizing the error
between the measured cable lengths and the cable lengths
computed by the inverse kinematics, and QR decomposition is
used to solve the linearized version of the nonlinear forward
kinematics problem. Analogous to the numerical method,
optimization techniques also suffer from the pitfall of requiring
an initial guess, which can result in issues such as oscillating
optimal solutions and entrapment in local optima.

The neural network-based strategy is a more exotic approach
that employs neural networks for addressing forward kine-
matics. The Artificial Neural Network (ANN) (Sharkawy and
Khairullah 2023; Geng and Haynes 1991; Schmidt et al. 2014;
Ghasemi et al. 2010; Sancak et al. 2023; Hu et al. 2025; Tao
et al. 2025) is designed as an approximation function to predict
the pose of the end-effector given the cable lengths. The net-
work is trained such that cable length data serves as the input,
with the corresponding end-effector pose data as the output.
Researchers have explored neural networks to solve the forward
kinematics problem. Geng and Haynes Geng and Haynes (1991)
made initial efforts to employ the standard Multi-Layer Per-
ceptrons (MLP) with Back-Propagation (BP) and cerebellar
model arithmetic computer, yet their effort was limited to
proposing the use of neural networks to solve the forward
kinematics problem, rather than actually solving the problem
accurately. Ali Ghasemi et al. Ghasemi et al. (2010) also applied
neural networks to solve the forward kinematics problem of
cable robots. Although neural network models can offer
approximations to the forward kinematics solution, the accu-
racy of the predicted pose remains suboptimal, and the scale of
data processed can reach millions, thus demanding substantial
computational resources.

An alternative approach to address this challenge involves
employing an exteroceptive sensor to capture the pose of the
end-effector. Examples of such sensors include motion-capture
systems, laser position sensors, or multi-camera global posi-
tioning systems (Lytle et al. 2004). However, deploying these
exteroceptive measurement systems in large-scale, unstructured
field environments is often impractical. Consequently, utilizing
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cable lengths and subsequently inferring the end-effector pose
through forward kinematics presents a more viable solution.

An optimal solution for addressing the challenge of the forward
kinematics problem should not only be easy to derive but
should also offer benefits such as reduced computational
resource consumption, high precision, robustness, rapid real-
time execution, and potentially, hardware integration. Although
the five categories of approaches aforementioned have been
validated on fixed-base CDPR robots, they encounter funda-
mental limitations when applied to reconfigurable CDPR sys-
tems (R-CDPRs)—CCRobot-S.

« Algebraic approach suffers from exponential growth of
polynomial degree with the number of movable anchor
bases in the CCRobot-S system, making real-time imple-
mentation infeasible.

« Analytical approach is typically applicable only to simple
parallel robots with low degrees of freedom, as it depends
on specific, non-generic geometries. However, the geometry
of CCRobot-S is time-varying and generic.

+ Numerical method is computationally intensive and
requires an initial guess within an a priori unknown con-
vergence basin. As such, whether the algorithm converges
largely depends on the selection of initial values. Movable
anchor bases of CCRobot-S enlarge the search space and
drastically reduce the success rate.

+ Optimization inherits the same sensitivity to initial gues-
ses and can oscillate between local minima induced by
redundant reconfiguration parameters of CCRobot-S.

+ Neural network-based strategy typically cannot provide
an accurate solution for the forward kinematics problem
with small datasets. However, large datasets can lead to
non-real-time execution.

To the best of the authors’ knowledge, no comprehensive
approach has yet been proposed for solving the forward kine-
matics problem of R-CDPRs that can overcome the aforemen-
tioned drawbacks.

1.2 | Contribution

The advent of Embodied Artificial Intelligence (EAI) represents
an evolution in the field of robotics. The integration of EAI in
robotics has become increasingly important, particularly for
field robots operating in dynamic and unstructured environ-
ments. This approach transcends traditional computational
intelligence by incorporating a physical aspect that is vital for
robots to operate effectively in real-world settings.

To achieve high pose predicted accuracy and enhance motion
robustness, we propose a novel cascaded strategy to effectively
tackle the forward kinematics problem by leveraging the prin-
ciples of EAIL The core concept involves utilizing a deep
learning-based neural network by learning from physical or
simulated interactive experiences of CCRobot-S to provide
approximate solutions as initial values for a numerical method,
thereby ensuring rapid convergence and a unique solution
mapping. The neural net is used to quickly provide outputs that
are estimated for suitable inputs to the numerical method.

Starting with the suitable initial values that are near the real
solution provides a “head start” and enables fast convergence
for the numerical method with a reduced number of iterations.
As a result, achieving the solution of the forward kinematics in
real-time is possible. Moreover, by collecting sample data
through physical or simulated interactive experiences of
CCRobot-S in the deep learning-based neural network, we can
guarantee that the forward kinematics solutions are limited to a
single outcome instead of having numerous solutions. This
achieves a one-to-one mapping from the joint space to the
task space.

The contribution of this paper is manifold and can be
summarized as follows.

« A novel Collaborative Climbing Robot Squad (CCRobot-S)
is presented, and it holds promise for practical applications.
Moreover, data can be collected from physical interactive
experiences with the stay cables using the CCRobot-S
robotic system.

« A novel cascaded strategy is proposed to address the for-
ward kinematics problem of the CCRobot-S robotic system.
To the best of our knowledge, this marks the first applica-
tion of a lightweight deep learning-based model augmented
with a numerical method to the Reconfigurable Cable-
Driven Parallel Robots (R-CDPR) architecture.

« In contrast to existing methods, the proposed approach
employs a deep learning-based neural network to optimize
the initial guess of the numerical method, yielding an
approximation that is acceptably close to the true solution.
Consequently, the proposed method effectively mitigates
the risk of non-convergence and incorrect solutions,
thereby enhancing the task robustness and reliability of the
robotic system. These improvements, in turn, enhance
confidence in deploying the system for field applications.

« The proposed cascaded strategy with EAI has been
designed and implemented. Extensive evaluations and ex-
periments were conducted to verify its effectiveness. The
results demonstrate the feasibility of using the cascaded
strategy to solve the forward kinematics problem.

1.3 | Structure of the Paper

The structure of the remaining sections in this paper is outlined
as follows. Section 2 presents the problem formulation and
provides the basics of kinematic analysis. Section 3 details the
proposed cascaded strategy with EAI Section 4 discusses the
performance evaluations and experiments based on this
approach. Finally, conclusions and future work are presented in
Section 5.

2 | Problem Formulation

As shown in Figure 1, the innovative climbing system,
CCRobot-S, has been developed and demonstrated. The
CCRobot-S system comprises four cable-climbing robots that
serve as movable anchor bases on the stay cables, along with a
flying platform capable of accommodating a robotic manipula-
tor, end effectors, specialized tools, or sensors for stay cable
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inspection and maintenance. Each movable anchor base is
connected to the flying platform via a DYNEEMA @ cable.

Similar to how a spider creates a large tensile structure between
fixed attachments (Kovac 2016), the CCRobot-S system forms a
parallel-type, cable-driven manipulation structure. However,
unlike traditional tensile structures with fixed attachments, the
counterparts in the CCRobot-S system are movable, providing
enhanced flexibility and adaptability.

Figure 2 illustrates the general model and configuration of the
CCRobot-S system. In the notation, the superscripts I and g
denote the local frame of the flying platform and the global
frame, respectively.

The flying platform is a 3-DoF system (with a pose comprising
translation and rotation) driven by four cables. The generalized
coordinates are expressed as vectors:

Kk = [p™FT]T € RS, 6]

where pT € R? and T € SO(1) denote the position and orien-
tation of the flying platform, respectively. The Cartesian trans-
lation of the movable anchor base relative to the global
coordinate frame {g} is given by:

8A; = [Ax Aypl]T (i=1,2,3,4), @)

and its orientation is correlated with the inclination angle of the stay
cable @ or . The cable attachment location on the flying platform
relative to the local coordinate frame {[} is represented by:

Bi=[Bx Byl (i=1,23,4). (3)

Since the anchor base is movable and constrained along the stay
cable (a one-dimensional reconfiguration), the reconfigurable
points 8A; can be modeled as:

8A; = [A(u) AyW)]™ (=1,2,3,4), 4

where u; is a variable; consequently, the reconfiguration path of the
movable anchor base can be described by a polynomial function.

oAy xy, ¢)

IA4(y)

FIGURE 2 | The general model and configuration of the CCRobot-S
system. [Color figure can be viewed at wileyonlinelibrary.com]

By applying a vector loop to the CCRobot-S model, as shown in
Figure 2, the closure constraint can be expressed as:

BA;(u) + {R(@®) Bi+p— ®Aw)=0;i=1,23,4, (5

where §R(r) is the rotation matrix between coordinate frames
(g} and {1}.

For the motion of CCRobot-S, the position of the movable
anchor base is changeable. With the introduction of the linear
joints of the movable anchor bases, the system becomes kine-
matically redundant. The segment BA; of the cable i can be
expressed as

BAi(ul—) = gAi(ui) - fR(l') lBi - P, i=1,2,3,4. (6)

Furthermore, this can be rewritten as polynomial functions
with variable u; as

A () — x cos¢ — sing || By
BA:(u;) = — , 7
i) [Aiy(u,-) -y singcos¢ || By @
where p =[x, y]T, r = [¢].
Meanwhile,
A (W) = 51 — w cos B
A (Up) = 55 — upcosa ®)

As(U3) = S, — uzcosa
Ay (ug) = 51 — uygcosf

Substituting Equations (8) into (7), we receive four nonlinear
coupled equations that form an under-determined system. As
such, the mapping between the pose k = [p'rT|T € R? of the
flying platform in the operational space and the length of the
cables L € R* as well as the robot configurations U € R® in
the configuration space is identified, where the cables
length parameters L = [L, L, L, 4T, I; = IAB;Il (i = 1, 2, 3, 4)
(Il is the Euclidian norm), the reconfigurable parameters
U = [u, Uy, us, Uy, a, B]7, here, it needs to clarify that in our
climbing scenario of the cable-stayed bridge, s; and s, are
constants while a and § are variables since they are changing
with different cables.

For the forward kinematics function, a mapping % : R — R3 in
the following form

k = 9™ (q), )

is sought, where k = [x,y, ¢]T € R? is the state of the task
space  (flying platform  position and orientation),
q = [, b, L, Iy, ug, y, us, uy, a, B]T € R is the combining of
the joint state, including the cable length variables and the
reconfiguration variables.

It must be underlined that computing this mapping is, in
general, very complicated due to the high-dimensional non-
linear characteristics. Meanwhile, the forward kinematic
transmission functions include reconfigurable variables, leading

Journal of Field Robotics, 2025

85UB017 SUOULIOD 9AITE.1D) 9(cedl|dde 8Ly Aq peusencb ae sejoie YO 8sn Jo S9|nJ 10} Al aUljUQ AB]IM UO (SUO 1 IPUCO-pUE-SWISILIOY A8 |1 Akeq 1 pul|uo//:Sdny) SUONIPUOD pue SWB | 8U188sS *[9202/T0/50] Uo ARIqTauljuo AB(IM “Seuio!iqigsilseAlun BinquieH 1SN 84asIuYe | A 0FTOL G01/200T 0T/I0PAL0d A8 | AReiq 1 puljuo//:sdny wouy pspeojumod ‘0 *296v9SST


http://wileyonlinelibrary.com

to multi-variable under-determined equations. The computa-
tional complexity for solving the forward kinematics increases
significantly with the number of reconfigurable cable attach-
ment points. Specifically, the computational complexity is O(d")
where d is the discretization number and r is the number of
reconfigurable cable attachment points.

3 | Cascaded Strategy With EAI

As discussed previously, the forward kinematics problem for
the reconfigurable parallel-type cable-driven climbing robot is
highly complex due to its reconfigurable coupling, nonlinearity,
computational complexity, and the possibility of non-
convergence. In this work, we propose a bi-level optimization
framework that integrates lightweight deep learning with the
numerical method, addressing the intractability of forward
kinematics for Reconfigurable Cable-Driven Parallel Robots
(R-CDPRs). This framework leverages Embodied Artificial
Intelligence (EAI) to learn from physical/simulated interac-
tions, providing a theoretically grounded approach to overcome
the high-dimensional nonlinearity of traditional methods. This
cascaded strategy is built on two key theoretical foundations:

Neural Network as a Learned Prior Approximation: The light-
weight deep learning model acts as a data-driven prior that
captures the nonlinear mapping, providing approximate solu-
tions that serve as initial values for the numerical method.
Trained on data generated by the robot's kinematic model or
through physical interactions, the neural network ensures that
these initial values satisfy the kinematic constraints or physical
constraints of the system. This addresses the theoretical chal-
lenge of non-uniqueness and high-dimensional nonlinearity in
traditional methods.

Numerical Method for Refinement: The numerical method
refines the neural network's output within a locally convex
region, leveraging the theoretical property that small pertur-
bations from the neural network's initial guess ensure the
objective function of the numerical method is strictly convex,
where the Hessian of the objective function is positive definite
under cable tension constraints.

To provide an intuitive understanding of this cascaded strategy,
we conceptualize the forward kinematics problem as a mini-
mum searching problem for an error function with several local
minima. As illustrated in Figure 3, an example of an error
surface is presented. To locate the global minimum, the deep
learning Neural Network (NN) model shifts the initial value
into a feasible region, rather than relying on a random guess.
With this approximate initial value, we can then apply the
numerical method to search for a more accurate solution,
thereby ensuring convergence and robustness.

3.1 | Deep Learning-Based Neural Network

In this paper, we are dealing with the robotic forward kine-
matics problem, specifically predicting the position and orien-
tation of the flying platform based on given cable lengths and
robotic configurations. The task is fundamentally a regression
problem where the model learns to map a set of input features
to a set of continuous output values. Our objective is to establish

5. A #
-10 /
S k —~
2 ey " S
e .‘—\‘/'IL//"/ 2 °
0 -== 1
gl z :
3 2 NN approximate region
for initial values
Deep-learning NN model Numerical
—_—
k=9"(q) Method
Approximate Initial
Solution Guess

FIGURE 3 | Intuitive interpretation of the cascaded strategy for
solving forward kinematics. Step one: the original data is fed into the
lightweight deep learning Neural Network (NN) model. The output of
this model serves as the initial value for the Numerical Method (NM)
optimization. This initial value is strategically positioned within an
approximate region that is close to the optimal solution. Step two: the
numerical method is then employed to refine the solution, achieving a
higher degree of stabiity and accuracy. [Color figure can be viewed at
wileyonlinelibrary.com]

a mapping from the configuration space (cable lengths and
reconfigurable parameters) to the task space (pose of the flying
platform). Since the Multi-Layer Perceptron (MLP) architecture
with Back-Propagation (BP) is well-suited for learning complex,
nonlinear mappings between input and output spaces, we em-
ployed this architecture as the core of our deep learning-based
approach. The deep learning-based neural network approach
comprises three key components: dataset preparation, training
configuration, and solution inference. Figure 4 shows the pro-
cesses of the deep learning-based neural network in solving the
forward kinematics of CCRobot-S.

3.1.1 | Dataset Preparation

Here, we employed two distinct methods for data collection.
The first method involved learning from physical interactive
experiences with the stay cables of the CCRobot-S robotic sys-
tem. The second method was based on simulations derived from
the inverse kinematics of the CCRobot-S system.

In this study, a portion of the data was obtained from real
interactive experiments conducted with the stay cables of the
CCRobot-S robotic system. We adopt encoders integrated into
the wheels of the movable anchor bases to perceive and record
the reconfigurable parameters U = [uy, Wy, Uz, Uy, &, B1T, where
a and f are the actual values of the inclination angles of
the bridge cables, and we also use the encoders integrated
into the winch of the movable anchor bases to perceive and
measure the cables length parameters L = [I, b, L, [,]T. By re-
combining these data points, the input values for the training
model are set as
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Error=0?
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FIGURE 4 | The processes of the deep learning-based neural net-
work in solving the forward kinematics of CCRobot-S. [Color figure can
be viewed at wileyonlinelibrary.com]

q-= [ll’ 12, l3, l4, Uy, Uy, Uz, Uy, X, ﬁ]T (S RIO’ (10)

in the configurational space, and the output of the forward
kinematics model is set as

k=[xy ¢|" eR’ an

in the operational space.

While the method of learning from physical interaction using
the CCRobot-S robotic system offers an intuitive sense and
ensures a one-to-one mapping from the joint space to the task
space, the process of collecting thousands of data points
through this method is labor-intensive and time-consuming.

Compared to solving forward kinematics, the transformation of
inverse kinematics is straightforward and can be easily im-
plemented based on the known configuration of CCRobot-S.
Moreover, the solution for inverse kinematics is guaranteed to ex-
ist and be unique. Consequently, we employ inverse kinematics to
prepare the remainder of the dataset in this study. First, we deter-
mine the robot configuration according to the adjustment of the
reconfigurable parameters u, u,, Uz, Uy, @, 5. Here, @ and § are
learned from the bridge model, while u, u,, us, u, are discretely
adjusted within the range of interest using iterative methods. This
process allows us to explore all possible robot configurations. Next,
we discretize the wrench-closure workspace for each robot config-
uration. Finally, each discrete point in the wrench-closure
workspace is collected as part of the task space. Then, the dis-
crete points were processed through the mathematical equation
representing the inverse kinematics solution (Equation (7)), ie.,
o™ {x,y, §, uy, uy, uz, uy, @, B} = {4, b, L, Ly}. By recombining
these data points, the input values for the forward kinematics model
are set as Equation (10).

To facilitate the study and accelerate the analysis of the training
results, we selected a specific configuration to lower the data
capacity to evaluate the deep learning neural network. A dataset
of 360,000 samples was prepared, which allowed for efficient
training and validation while maintaining sufficient represent-
ativeness for the evaluation. All of these data values are stored
in a . txt file; the partial dataset is shown in Table 1. In the
. txt file, the first ten elements of each row are designated as
features (the first four elements represent the cable length, and
the last six represent the reconfiguration parameters), while the
last three elements are used as labels for the neural network.

3.1.2 | Training Configuration

In this study, we constructed a Multi-Layer Perceptron (MLP) to
predict the pose status of the flying platform.

In deep learning, the number of hidden layers (depth) and the
number of neurons per hidden layer (width) are core hy-
perparameters that determine a model's structure and per-
formance. In this manuscript, we refer to the following
principles for choosing the number of hidden layers and the
number of neurons per hidden layer.

« Match Task Complexity: using 1-3 layers, 0-256 neurons
per layer for simple tasks (sample size <10,000); 5-20 lay-
ers, 64-512 neurons per layer for moderately complex tasks
(10,000 < sample size < 1,000,000); and 20-100 layers,
128-1024 neurons per layer for highly complex tasks
(sample size > 1,000,000).

« Domain Empirical Values: fully connected layers com-
monly use powers of 2 (e.g., 32, 64, 128, 256) for more
efficient memory allocation and data processing;

« Shallow and Wide Models (few layers, many neurons
per layer): excelling at processing flat features (e.g., tabular
data) and have low training difficulty. Based on these core
principles, the architecture of the deep learning-based
neural network was systematically determined through a
grid search over network depth and width, aiming to bal-
ance prediction accuracy and computational efficiency. We
evaluated networks with different numbers of hidden layers
and varying neuron counts. After the empirically tuned
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| Partial dataset.

TABLE 1

B (degree) x (cm) y (cm) ¢ (degree)

o (degree)

L (cm) l; (cm) l4 (cm) u; (cm) u; (cm) u; (cm) u, (cm)

L (cm)

44. 5°

62.5

—59.5
—59.5
—59.0
—59.0
—-59.0
—-59.0
—59.0

12. 5°

33.1°

88.3

164.1
164.1
164.1
164.1
164.1
164.1
164.1
164.1
164.1
164.1
164.1
164.1
164.1
164.1
164.1

74.0

0.1402
0.1267
0.7260
0.7394
0.7534
0.6217
0.6175
0.6145
0.8292

99.4276 34.3562

84.2846
84.2671

45. 0°

62.5

12. 5°

33.1°

88.3

74.0

34.3736

99.4330

44. 0°

62.0

12. 5°

33.1°

88.3

74.0

34.3478
34.3646
34.3816

98.8240
98.8292
98.8345
98.9350

83.5952
83.5775
83.5600
83.9498
83.9323

44, 5°

62.0

12. 5°

33.1°

88.3

74.0

45. 0°

62.0

12. 5°

3.1

88.3

74.0

44. 0°

62.5

12. 5°

33.1°

88.3

74.0

33.9881

44. 5°

62.5

12. 5°

33.1°

88.3

74.0

34.0051

98.9403
98.9457
99.0593

45. 0°

62.5

—59.0
—59.0
—58.5
—58.5
—58.5
—58.5
—58.5
—58.5

12. 5°

33.1°

88.3

74.0

34.0223

83.9148
84.2711

45. 0°

63.0

12. 5°

33.1°

88.3

74.0

33.6665
34.3711

44. 0°

61.5

12. 5°

33.1°

88.3

74.0

1.4247
1.4400
1.4557
1.1786
1.1867
1.1955

98.2272

82.8881

44. 5°

61.5

12. 5°

3.1

88.3

74.0

34.3876

98.2322
98.2374
98.3363

82.8704
82.8529

45. 0°

61.5

12. 5°

3.1

88.3

74.0

34.4042

44. 0°

62.0

12. 5°

88.3 33.1°

88.3

74.0

34.0043
34.0209

83.2427
83.2252
83.2077

44. 5°

62.0

12. 5°

33.1°

74.0

98.3414
98.3468

45. 0°

62.0

12. 5°

33.1°

88.3

74.0

34.0377

process, the final configuration consists of four hidden
layers with 64, 128, 256, and 512 neurons, respectively.

As such, the structure of this neural network is illustrated in
Figure 5. The MLP consists of six layers, including four hidden
layers with varying numbers of neurons (64, 128, 256, and 512).
The specific architecture is as follows:

« Input layer: Ten neurons (corresponding to the ten vari-
ables of the cable lengths and reconfigurable parameters

(L, b, b, L, wy, u, us, ug, @, BY).

+ Hidden layer:

Hidden Layer 1: 64 units

Hidden Layer 2: 128 units
Hidden Layer 3: 256 units
Hidden Layer 4: 512 units

The number of neurons in the hidden layers was deter-
mined based on the learning results. Each hidden layer is
followed by a Sigmoid activation function to introduce non-
linearity into the model. The weights of the network are
initialized using the Xavier initialization method, and the
biases are initialized to a small constant value (0.1). This
initialization strategy helps in maintaining the scale of
gradients and signals as they propagate through the net-
work, which is crucial for the effective training of deep
networks.

« Output layer: Three neurons (corresponding to the three
pose states of the flying platform {x, y, ¢}).

The quadratic cost function can be expressed as:

n n
C= %Z(ki — kP Ay w? 12)
i=1 i

i=1

where k; is the i-th feature of the sample, and k; is the predicted
value of the i-th feature of the sample. The activation function
used is the Sigmoid function:

_ 1
F0 = T (13)

following the approach in seng Yee and Lim (1997). However,
the use of the sigmoid activation function has been proven to be
inefficient due to the gradient vanishing problem. Specifically,
the gradient near the endpoints of the sigmoid function
becomes very small, which can adversely affect the efficiency
and effectiveness of the training process.

Regularization: To address this issue, we employ regularization
techniques in the learning process. These techniques are known
to mitigate the gradient vanishing problem and accelerate the
training process. The second term in Equtaion (12) represents
an L,-norm regularization technique, which is used to prevent
overfitting. This term is the sum of the squares of the magni-
tudes of the model's weights, where wj is the i-th weight in the
model, and A is the regularization strength — a hyperparameter
that controls the amount of regularization. L,-norm regular-
ization helps keep the weights small, leading to a simpler model
that generalizes better to new, unseen data.
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FIGURE 5 | The training configuration of the deep learning neural
network. [Color figure can be viewed at wileyonlinelibrary.com]

Optimizer: Meanwhile, we select the Adam optimizer for
training due to its fast convergence and adaptive learning rate
properties. These features enable efficient optimization by
dynamically adjusting the learning rate for each parameter
based on the magnitude of the gradient, thereby improving both
the speed and stability of the training process.

Normalization: In this case, the ten input features have signif-
icantly different value ranges, and some input features are
much larger than others. During training, the neural network
will primarily adjust the weights for these larger features while
potentially ignoring the smaller ones. To mitigate this issue,
batch normalization technology is adopted in this study. For a
mini-batch: B = {q, ¢? ..., ™}, we set

Sowf-@)

where q = {l}, b, L, 14, Uy, Uy, Us, Uy, o, B} is the input sample, m
is the size of the mini-batch, and k" is the i-th feature of the n-th
sample. #,-B is the mean of the i-th feature in the mini-batch
B, ((7,-’5)2 is the variance of the i-th feature in the mini-batch B,
and ¢ is a small constant to prevent division by zero. Applying
scaling and shifting:

net" « WG" + wo = BNy 1, (¢") (15)

where net” is the output of the n-th sample after batch
normalization, W and w, are learnable parameters, X" is the
normalized sample vector, and BNy ,,(x") represents the
function that applies batch normalization. As such, the in-
puts are linearly rescaled to have zero mean and unit vari-
ance on the training set. The outputs are centered to have a
zero mean on the training set. This process standardizes the
data in a mini-batch to improve the stability and efficiency of
model training.

It is still a challenge to set good hyperparameter values in the
neural network. Here, we use the broad strategy to find good
hyperparameter values by individually adjusting each hy-
perparameter, gradually improving performance. Since we do
not have a priori knowledge of which hyperparameter needs to
be adjusted, we have to try different hyperparameter values.
To further speed up experimentation, we strip the network
down to the simplest network to do meaningful learning. In
that case, we're getting feedback in a fraction of a second, rather
than once every ten seconds or so. That means we can more
quickly experiment with other choices of hyperparameter, or
even conduct experiments trialling many different choices of
hyperparameter nearly simultaneously. Once we've explored to
find an improved value for one hyperparameter, then we move
on to find a good value for another hyperparameter. Then ex-
periment with a more complex architecture with different
hidden layers and neurons. Then adjust the hyperparameter
values again. And so on, at each stage evaluating performance
using our held-out validation data, and using those evaluations
to find better hyperparameters.

After fine-tuning, the hyperparameters used in our neural
network are as follows:

« Batch size: 128.

» Learning rate: 0.0001.
« Weight decay: 1e-5.

« Epochs: 300.

3.1.3 | Solution Inference

In this part, we develop a solution inference to predict the real
pose of the end effector in the CCRobot-S system. As illustrated
in Figure 6, we have trained the neural network and obtained
the deep learning model. When we input a vector q into the
model, it outputs a predicted label k*. However, this is not the
value we desire to obtain since the normalization processing
during training alters the scale of the output. As a result, k*
does not directly represent the real pose of the flying platform
in the CCRobot-S coordinate system. To obtain an intuitive
result, we conduct a denormalization process for the output of
the neural network model. This process is the reverse of
Equation (14), that is,

Kt =k of 4+ b (6)

In that case, after processing the approximate function, we
obtain a real predicted output k* representing the pose of the
end effector.

3.2 | Numerical Method Optimization

After obtaining an approximate solution, we employ
numerical method optimization to refine the solution and
obtain a more precise estimate of the flying platform's pose.
The cable lengths corresponding to the desired pose of the
flying platform are denoted as Il,, while the cable lengths
derived from the inverse kinematic model (Equation (7), i.e.,
e {x, v, P, wy, Uy, us, us, @, B} = {b, b, L, 13}) for a given pose
k are represented as I(k).
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The numerical method can be formulated as an optimization
task aimed at minimizing the error between I, and I(k). The
objective function is defined as (k) = %Ill(k) — 1,113, where
[I-ll, denotes the Euclidean norm. The general formulation of
the optimization problem is then

1 2
K*= in=|[1(k) — 1
argrr}(lnzH() 0

2

s.t. I(k) = BA(k) > a7
ko =k*
k ew

here, k, denotes the initial value of the flying platform'’s pose,
obtained from the neural network. The vector BA(k) is defined
as [BA;(k), BA;(k), BAs(k), BA4(k)]". Each component
BA;(k) can be derived from Equation (7), that is,
™ X, y, ¢, wy, U, Us, U, @, B} = {h, b, B, L)

Since the initial value ko is an acceptable approximation
close to the real value, we assume that the numerical method
optimization process is carried out under the same configu-
ration of the CCRobot-S, the parameters uy, u,, Us, Uy, o, 3
are held constant and are known. W represents the
current wrench-closure workspace under this configuration
(Gouttefarde and Gosselin 2006).

Solution Inference

A
4 N\
Original input. Deep learning NN model  Denormalization Predicted output
q B K =9™(q) K =K *o? + 4 k'
N J

Approximate Function

FIGURE 6 | Schematic diagram of the solution inference for the
CCRobot-S system. [Color figure can be viewed at wileyonlinelibrary.com]

4 | Performance Evaluations and Experiments

In this section, we first evaluate the performance and effec-
tiveness of the deep learning model applied to the R-CDPR
system. We then compare the prediction accuracy of the
cascaded strategy with that of the single neural network train-
ing approach. Furthermore, we present the robotic system
implementation of CCRobot-S with the cascaded strategy.
Finally, we also compare the convergence and robustness of the
cascaded strategy with those of the Newton-Raphson algorithm-
based numerical method.

4.1 | Evaluation of the Deep Learning NN

Here, we split the dataset values into three parts: training data,
validation data, and testing data, with a ratio of 8:1:1. Specifi-
cally, 288,000 values are allocated for training, 36,000 values for
validation, and 36,000 values for testing. The training results of
the NN model are depicted in Figure 7. The image on the left of
Figure 7 shows the model loss at each epoch for both the
training data and the validation data. The minimum loss for the
training data is almost close to 0, while the minimum loss for
the validation data is near 0.05. The image on the right of
Figure 7 shows the model accuracy trend for both the training
data and the validation data, with the best accuracy values
being 97.96% and 92.45%, respectively.

Given the prediction method, we can evaluate the quality of the
neural network predictions in several ways. Perhaps the sim-
plest is the squared error loss, where we compute the squared
residual between the predicted value and the target value at
each test point. This can be summarized by the Mean Squared
Error (MSE), which is obtained by averaging over the test set.
However, this quantity is sensitive to the overall scale of the
target values. Therefore, it makes sense to normalize it by the
variance of the target values in the test set to obtain the Stan-
dardized Mean Squared Error (SMSE). This normalization

0.30 — Train Loss
—— Val Loss
0.95
0.25
0.20 0.90
>
&
)]
2 0.15 5
-l Q
2 0.85
0.10
0.80
0.05
—— Train Accuracy
0.00 0.75 —— Validation Accuracy
0 50 100 150 200 250 300 0 50 100 150 200 250 300
Epoch Epoch
FIGURE 7 | Training and validation performance of the deep learning-based neural network: the model loss at each epoch and the model

predicted accuracy trend. [Color figure can be viewed at wileyonlinelibrary.com]
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TABLE 2 | Correlation evaluation of deep learning-based NN
model.

Dataset SMAE SMSE R?
Training set 0.0315 0.0085 0.9915
Validation set 0.1199 0.0569 0.9431

ensures that the trivial method of guessing the mean of the
training targets yields an SMSE of approximately 1.

Since we have normalized the training data, the SMSE value
equals the MSE value in our case. Consequently, in this study,
we focus solely on the SMSE values. Similarly, we also adopt the
Standardized Mean Absolute Error (SMAE) to evaluate the
model. The SMAE is calculated by dividing the Mean Absolute
Error (MAE) by the standard deviation of the target values in
the test set.

Meanwhile, the coefficient of determination R? score can pro-
vide more intuitive insights compared to metrics such as SMSE
in regression analysis evaluations (Chicco et al. 2021). There-
fore, the accuracy of the NN model in performing forward
kinematics was also evaluated using the R? metric. Finally, the
values of SMAE, SMSE, and R? are presented in Table 2.

According to Table 2, the R? values for the training and vali-
dation sets are 0.9915 and 0.9431, respectively. These values are
close to 1, indicating a strong relationship between the input
and output variables. The evaluation results demonstrate that
the learning-based neural network method is effective in pre-
dicting forward solutions for the reconfigurable parallel-type
cable-driven climbing robot squad.

It is important to highlight the limitations that exist in this
method. Although we have set the training epoch as high as
300, the prediction accuracy for the validation data is 92.45%,
which is not a desired value for precise position control of the
flying platform. To address this issue, we have attempted to
increase the complexity of the training model, such as by adding
more hidden layers and increasing the number of neurons in
the middle layers, in order to improve prediction accuracy.
However, the inference time increases dramatically with an
increase in model complexity. This is highly detrimental to real-
time control of the CCRobot-S.

4.2 | Evaluation of the Prediction Accuracy

As aforementioned, the NN approximator had limitations in
prediction accuracy under the condition of real-time execution.
To address these limitations, we developed an additional
numerical method optimization process to combine with the
NN approximator as a cascaded control strategy, thereby im-
proving prediction accuracy. To further clarify the performance
of the cascaded strategy and evaluate its prediction accuracy, we
present an example in which the four movable anchor bases are
constrained to two stay cables, and the flying platform, driven
and manipulated by the four parallel cables together, can move
along the stay cable.

For the flying platform, the given trajectory in the task space is
expressed by k(t) € R?, as shown in Equation (18). The time
variable t ranges from 0 to 50s. A linear motion is used for the

TABLE 3 | Parameters for CCRobot-S model.

Parameters sheet

Movable anchor base

vector (cm) Flying platform vector (cm)

w 0 B, [-9.5 —9.5]"
u, 74.0 B, [9.5 —9.5]"
u 164.1 B, [9.5 9.5]T
u, 88.3 B, [-9.5 9.5]T
o 33.1° B 45°

1 12.5 S> 23
Origin location of {g} [00]”

trajectory, based on the task requirement that the flying plat-
form travels along the stay cable.

k(t) = [2 — t,0.8693t + 23.7107, 49°]". (18)

To simplify the study of the reconfiguration mechanisms and
validate the effectiveness of the cascaded strategy, we selected a
specific configuration by setting the reconfigurable parameters
uy, Uy, Uz, Uy, @, 3. The specific parameter values are provided in
Table 3.

In this process, we divided the entire desired trajectory into 50
points and derived the corresponding cable lengths using
inverse kinematics (Equation (7)) for each point. We then used
these cable lengths and the reconfigurable parameters to infer
the predicted trajectory using both the deep learning-based
neural network method alone and the cascaded strategy pro-
posed in this study. Each moving iteration for the experiment
was recorded.

Figure 8 presents the desired trajectory composed of 50 points
(in blue), the predicted trajectory composed of 50 points derived
from the deep learning-based neural network method alone
(in black), and the predicted trajectory composed of 50 points
derived from the cascaded strategy (in red). Here, the coor-
dinate point represents the position p of the flying platform,
and the orientation of the squares indicates the rotation r of
the flying platform. It can be seen that the predicted trajec-
tory derived from the cascaded strategy is closer to the
desired trajectory than that derived from the deep learning-
based neural network method alone. Additionally, the time
required to implement the deep learning-based neural net-
work method and the cascaded strategy was almost the same
because the deep learning-based neural network provides an
initial value that is close to the forward kinematic solution,
which ensures quick convergence of the numerical method.
As a result, only a small number of iterations are required to
achieve the real solution during the numerical method opti-
mization process.

To quantitatively analyze and compare the prediction accuracy,
we statistically analyzed the errors within the 50 points, as
shown in Figure 9. The average position errors of the flying
platform in the X direction, Y direction, and ® orientation
predicted by the deep learning-based neural network method
alone (green color) are 1.43 + 1.88 mm, —2.72 + 4.05 mm, and
2.32 + 2.51°, respectively. In contrast, the average errors

Journal of Field Robotics, 2025

11

85UB017 SUOULIOD 9AITE.1D) 9(cedl|dde 8Ly Aq peusencb ae sejoie YO 8sn Jo S9|nJ 10} Al aUljUQ AB]IM UO (SUO 1 IPUCO-pUE-SWISILIOY A8 |1 Akeq 1 pul|uo//:Sdny) SUONIPUOD pue SWB | 8U188sS *[9202/T0/50] Uo ARIqTauljuo AB(IM “Seuio!iqigsilseAlun BinquieH 1SN 84asIuYe | A 0FTOL G01/200T 0T/I0PAL0d A8 | AReiq 1 puljuo//:sdny wouy pspeojumod ‘0 *296v9SST



.
LY
651 e

60—

- Desired trajectory
Trajectory predicted by cascaded strategy

- Trajectory predicted by NN method alone

" gi@ s
35 NS | "%
. .,
@& Q"
30 RN .
& *
<:\@ 'J'\\Q
>
. &

* & 1 I Lo !

-50 -40 -30 20 -10 0 10

X (cm)

FIGURE 8 | The results of the predicted trajectories based on the deep learning-based neural network method alone (black color) and the
proposed cascaded strategy (red color), and the comparison between them and the given trajectory (blue color). [Color figure can be viewed at

wileyonlinelibrary.com]

12 : T 12 18 T T T
Mean Error + SD: = —
- Mean Error + SD:
e .
GE6ER0: Simm Mean Error + SD: Mean Error + SD: -0.46 + 0.85 mm 16 + =l M;a;;]ifr;:li, Bk
10} 143+ 188mm | 49 272+ 405mm Megl;firogﬁ—u SD: -32 £ 2.5
— .65 & 0.
14
8 8 127
> > > 107
S 6 Max Error: 2 6 Max Error: | g Max Error:
) ] @
3 3 E
g [ ] 552mm § | [ ]1553mm g8 [dsse
w L w
4 1.79 mm 4 1.85 mm 6 1.41°
4
2} 2
N | 2
0 T f 1 0 ’7- . D L I \ 0
06 04 02 0 02 04 06 08 1.5 K 0.5 0 0.5 1 .0 5
X position error (cm) Y position error (cm) @ position error (° )
\:] Trajectory predicted by NN method alone Trajectory predicted by cascaded strategy
FIGURE 9 | Statistical pose errors of the flying platform in the X direction, Y direction, and ® orientation, and the comparisons between the

neural network method alone and the cascaded strategy. [Color figure can be viewed at wileyonlinelibrary.com]

predicted by the cascaded strategy (yellow color) were reduced
to 0.16 + 0.73 mm, —0.46 + 0.85 mm, and —0.65 + 0. 6°,
respectively. The results clearly show that the cascaded strategy
outperforms the neural network method alone in terms of
prediction accuracy.

It is worth noting that when we control the system, we focus on
the position p of the flying platform while omitting considera-
tion of the rotation r due to its limited controllability and ad-
justability. Adjusting the orientation angle of the flying platform
impacts the tension distribution significantly, leading to work-
space contraction and a decrease in the maximum Tension

Factor (TF) value, which is used to measure and evaluate the
quality of the workspace of the flying platform. A higher TF
contributes to the flying platform's stability, rigidity, and
robustness. In practice, the desired range of orientation angles
is typically narrow. To compensate for this disadvantage, we
introduce a rotational joint on the end of the flying platform to
control the yaw of the Euler angle of the flying platform in the
mechanical design phase. With this DoF, the flying gripper can
liberally adjust to the optimal angle to align with the inclination
angle of the stay cable to be grasped without altering the tension
distribution of the driving cables.

12
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43 | System Implementation

Figure 1 shows the CCRobot-S prototype attached to the bridge
cables. The prototype comprises four cable-climbing robots
serving as the movable anchor bases on the stay cables, along
with a flying platform. Each movable anchor base is connected
to the flying platform through a DYNEEMA@ cable. Worm
gearing was integrated into the transmission chain for the
gripper to ensure safety during the experiments. Since the worm
gearing is self-locking, the flying platform and the anchor bases
could remain in their poses on the stay cables without energy
consumption. In addition, brakes were used on the customized
winches in case the flying platform fell due to a sudden power
outage. Meanwhile, we prepared a multi-cable test platform for
the experiments.

Before introducing the system implementation, the hardware
architecture and electronic system of CCRobot-S that imple-
ments the prototype are presented as shown in Figure 10, which
outlines the components and their connections within the
CCRobot-S system. The architecture consists of two subsystems:
a remote controller and an onboard controller that communi-
cate with each other by Transmission Control Protocol/Internet
Protocol (TCP/IP). The onboard controller is responsible for
controlling five sub-robots: one flying platform and four mov-
able anchor bases. The communication between the flying
platform and the movable anchor bases is supported by a Long
Range Wide Area Network (LoRaWAN), which facilitates
robust one-to-many communication from a central host to
multiple slaves simultaneously.

Based on the hardware architecture and electronic system of
CCRobot-S, the flying platform can move continuously along
multiple stay cables and retrieve images without the necessity to
halt and adhere to the stay cable. Figure 11 illustrates the
overall control system architecture. Forward kinematics is used

to estimate the pose and velocity of the flying platform as
feedback values in the control loop. In conventional methods,
numerical schemes such as the Newton-Raphson or Levenberg-
Marquardt algorithms are employed with an initial guess to
solve the problem iteratively. In this architecture, a . pth file
trained by the deep learning method is integrated into the
control system, it offers an initial guess for the numerical
method optimization. In addition, we tested the inference
model 100 times on each of the CPU and GPU hardware. For
one set of inputs, the minimum inference time of this model on
CPU and on CUDA is 0.197 and 0.319 ms, respectively. The
maximum inference time of this model on CPU and on CUDA
is 0.560 and 0.670 ms, respectively. The average inference time
of this model on CPU and on CUDA is 0.245 and 0.380 ms,
respectively. For 100 sets of inputs, the minimum inference
time of this model on CPU and on CUDA is 0.858 and 0.432 ms,
respectively. The maximum inference time of this model on
CPU and on CUDA is 1.693 and 0.931 ms, respectively. The
average inference time of this model on CPU and on CUDA is
0.998 and 0.501 ms, respectively. This test result shows that the
training model is suitable for real-time execution for the
CCRobot-S system. As such, the deep learning model combined
with numerical method optimization replaces the conventional
numerical methods to provide feedback values to the
Proportional-Derivative (PD) feedback loop, which implements
the computation of the desired torque of the flying platform.
Subsequently, based on the tension distribution control (Pott
and Bruckmann 2013), we map the torque of the flying platform
from the operational space to the desired cable lengths in the
configurational space. It is important to note that the input data
for the neural network model includes the encoded values
{wy, Uy, us, ug}, the cable lengths {l, b, L, 14}, and {a, 8}, which
are determined by the initial configuration of the CCRobot-S
system. The experimental task involved moving along the cables
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and crossing over the cables successively with a zigzag trajec-
tory by the flying platform. The experimental result was
recorded and shown in the Video S1. Overall, the system gen-
erally accomplished the cable surface inspection task. Conse-
quently, the cascaded strategy for the CCRobot-S system has
been verified to be feasible.

4.4 | Evaluation of the Convergence and
Robustness

Convergence and robustness of the control algorithm are always
vital for the CCRobot-S robotic system. Unfortunately, con-
ventional approaches used to solve the forward kinematics,
such as the Newton-Raphson method, cannot always guarantee
convergence, which may lead to disastrous results. For example,
the driving cable may tear apart abruptly, or the flying platform
may drop suddenly due to ill-suited pose feedback. In this part,
we tested the convergence of the cascaded strategy and the
numerical method implemented by the Newton-Raphson
algorithm. For the Newton-Raphson method, we chose the
initial values randomly and then executed the algorithm
repeatedly using 50 data points from the set of 36,000 validation
data points. At least one execution of this algorithm cannot
derive the right forward solution for the CCRobot-S robotic
system, two adverse phenomena emerged during these tests
stochastically:

 Singularities: If the initial value is not well-chosen, the
Jacobian matrix J(k, U) may become nearly singular dur-
ing the iteration process (i.e., its determinant is very close to
zero). This can cause the method to diverge or converge
very slowly, and the flying platform cannot move further.

« Multiple Solutions: The Newton-Raphson method may
converge to different roots depending on the initial value.

As a result, the system may either fail to identify the correct
root or inadvertently select an ill-suited one, and the flying
platform may rush or crash to an undesired position.

For the proposed cascaded strategy, the initial values are pro-
vided by the deep learning-based neural network and then
executed by the numerical algorithm with the same 50 data
points from the set of 36,000 validation data values repeatedly.
The test results show that every execution of this algorithm can
derive the right forward solution for the CCRobot-S robotic
system, and the phenomenon of the flying platform rushing or
crashing to an undesired position does not happen.

Compared with the test results obtained using the Newton-
Raphson algorithm and the proposed cascaded strategy, it is
evident that the proposed cascaded strategy guarantees con-
vergence and is more robust than the Newton-Raphson
numerical method.

Finally, after the thorough evaluation and experimental analy-
sis to assess the performance of our proposed cascaded strategy
against existing methods, the comparisons of the methods,
including the Newton-Raphson, Single NN, and Cascaded
Strategy based on key performance metrics, are concluded in
Table 4. As depicted in Table 4, the cascaded strategy demon-
strated superior performance in terms of convergence rate,
initial value source, solution uniqueness, and prediction
accuracy.

5 | Conclusions and Further Works

This paper introduced and implemented a novel cascaded
strategy with embodied artificial intelligence to solve the for-
ward kinematics of the reconfigurable parallel-type cable-driven
climbing robot squad. In this strategy, we adopted a deep
learning-based neural network approach by learning from
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TABLE 4 | Comparisons of the methods based on key performance metrics.

Method Newton-Raphson

Single NN Cascaded strategy

Initial value source Random guess

Convergence rate <98% (49/50 cases) N/A

Solution
uniqueness

Multiple solutions

Prediction accuracy  equivalent to the cascaded

strategy

Direct prediction

Unique solution (1:1 mapping)

1.43 +1.88 mm (X position error)

NN + kinematic constraints
100% (50/50 cases)
Unique solution (1:1 mapping)

0.16+0.73 mm (X position error)

physical or simulated interactive experiences of CCRobot-S to
derive an approximate solution, and then employed the
numerical method to optimize the solution by treating the
approximate solution as the initial values. During the imple-
mentation of the cascaded strategy, we developed the
CCRobot-S kinematic model, dataset preparation, training
configuration, solution inference, and numerical method opti-
mization. Extensive evaluations and experiments have verified
the feasibility and effectiveness of the proposed approach. The
proposed cascaded strategy guarantees convergence and out-
performs traditional methods in terms of prediction accuracy
and robustness. Moving forward, we plan to deploy the
CCRobot-S robotic system on actual cable-stayed bridges. By
collecting dataset points through physical interactive experi-
ences of CCRobot-S, we aim to expand the data capacity of the
neural network. This will further enhance the system's per-
formance. Based on this expanded dataset, we will conduct
more evaluations to assess the effectiveness of the cascaded
strategy.
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