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Abstract— Pipeline inspection is essential for maintaining
the safety of critical infrastructure, but manual inspection
is dangerous and inefficient, and existing robotic solutions
struggle to handle curved and constrained surfaces. Tradi-
tional planning methods are either computationally expensive
or prone to redundancy and discretization artifacts. To ad-
dress these challenges, this paper proposes a centerline-aligned
Frenet graph framework for surface-based path planning in
pipeline environments. By embedding the pipeline surface into
a structured two-dimensional manifold passing through the
pipeline’s central axis, the framework enables efficient heuristic
search while maintaining geometric consistency. By combin-
ing quadratic programming with kinematic limits, an initial
geodesic constrained path is generated and optimized, resulting
in a smooth and executable trajectory. Extensive experiments
on pipelines with sharp bends, intersections, and real-world
pipeline environments demonstrate significant improvements in
computational efficiency, path quality, and robustness compared
to traditional methods.

I. INTRODUCTION

Pipeline inspection robots have attracted considerable at-
tention due to their potential to enhance safety and efficiency
in the oil and gas industries. However, the interior pipeline
environment presents formidable challenges. Narrow spaces,
complex geometries, severe electromagnetic shielding, and
unpredictable factors such as residual liquids, slippery sur-
faces, and harsh environmental conditions often make wired
and wireless remote control impractical [1]. These difficulties
highlight the necessity of autonomous navigation systems
capable of ensuring reliable robot operation without human
intervention [2].

Despite substantial progress in path planning for 2D planar
and 3D free-space environments, existing approaches are
generally unsuitable for climbing pipeline robots. These
robots must traverse irregular two-dimensional manifolds
with sharp curvature variations and strict geometric con-
straints [3]. The unique challenge lies in maintaining stable
adhesion while adapting to twisted pipe surfaces, where
improper path planning can cause detachment or falls. Hence,
specialized path planning algorithms tailored to both the
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Fig. 1: Underground pipeline data from OpenTrench3D [9],
processed by RANSAC algorithm to obtain a complete
pipeline.

kinematic characteristics of climbing robots and the geomet-
ric complexity of pipelines are urgently needed [4].

In particular, magnetic wheeled robots, a common type of
climbing robot, exhibit a motion behavior analogous to that
of ground vehicles constrained to uneven two-dimensional
manifolds [5]. For such robots, path quality is directly related
to stability and safety: poorly planned paths risk slippage
or rolling, while carefully optimized paths ensure adequate
adhesion and mitigate hazards [6], [7]. This places strict
requirements on the feasibility and computational efficiency
of path planning algorithms, making the development of ro-
bust, geometry-aware methods essential for reliable pipeline
inspection [8].

Industrial pipelines are typically composed of circular
metal tubes with distinct geometric properties, including
a central axis and a defined radius. These characteristics
make pipelines a semistructured environment[10]. However,
traditional 3D perception methods often struggle to accu-
rately model the continuously changing curvature of the
pipeline surface, especially at bends and junctions, leading
to accumulated modeling errors and reducing the precision
of Cartesian coordinate-based path planning. In contrast,
using a model based on the central axis and radius of the
pipeline provides a simpler and more accurate geometric
representation, offering a more reliable foundation for path
planning [11], [12].

This paper proposes a novel path planning framework
for magnetic wheeled robots in pipeline environments. This
framework parameterizes the two-dimensional manifold of
the pipe using its central axis and efficiently discretizes it
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using the Frenet coordinate system to create a structured
mesh. An initial feasible path is generated using a heuristic
search strategy based on the geodesic principle. The path
is then optimized using a quadratic optimization procedure
that incorporates the robot’s kinematic constraints, ultimately
yielding a smooth, safe, and executable trajectory. This
framework significantly improves computational efficiency
and path quality compared to traditional methods. Extensive
simulation results validate the effectiveness and robustness of
this approach in complex pipeline environments, demonstrat-
ing its potential for reliable real-world pipeline inspection
applications.

We summarize our contributions as follows.
1) We propose a Frenet-aligned parametric manifold rep-

resentation that embeds the pipeline surface into a two-
dimensional parameter domain, ensuring analytically contin-
uous normal fields and providing a high-fidelity yet compu-
tationally efficient basis for dimension-reduced path planning
and control, significantly reducing representation and search
complexity.

2) Within this Frenet framework, we introduce a more
accurate surface path computation method, together with
a set of geometric and physical metrics (e.g., arc length,
curvature, support utilization, and energy consumption) and
a unified optimization scheme, yielding smooth and energy-
efficient executable trajectories.

3) We extensively validated the proposed method through
simulations, ablation studies, and real-world experiments
with a magnetic wheeled robot. Results in complex pipeline
scenarios with sharp bends, junctions, and narrow segments
demonstrate superior computational efficiency, path quality,
and energy performance compared to baseline methods,
highlighting its potential for industrial deployment.

II. RELATED WORK

Path planning on curved and constrained surfaces has
garnered considerable interest, particularly in applications
involving wall-climbing and pipeline inspection robots. Early
methods approached the problem through constrained opti-
mization or mixed integer programming to ensure feasible
climbing motions [8], [13]. While these approaches offer
strong theoretical guarantees, they are computationally in-
tensive and scale poorly to large environments. To mitigate
this, some works integrated surface reconstruction from point
clouds into planning frameworks [14], [15], [16]. However,
such methods remain vulnerable to noise and irregularities
in mesh quality.

Sampling-based planners provide a versatile framework
for motion planning on nonplanar surfaces. Algorithms such
as RRT* [17] and its informed variants [18] achieve asymp-
totic optimality, but their direct application to curved mani-
folds often results in high sampling inefficiency. Navigation
mesh-based techniques [19] and vector-field methods on
triangular meshes [20] alleviate this issue by embedding
constraints directly into the surface representation. Neverthe-
less, these methods can be affected by discretization errors
or high memory demands. Classical heuristic approaches,

including enhanced A* algorithms [21] and Bézier curve
smoothing [22], are effective for local path refinement but
often lack global optimality guarantees. In pipeline environ-
ments, graph-based algorithms such as the advanced Dijkstra
method have also been applied for automated 3D piping
route design, demonstrating efficiency in structured tubular
networks [23].

In the context of wall-climbing and in-pipe robots, path
planning is inherently tied to adhesion and locomotion capa-
bilities. Comprehensive reviews [24], [25] outline a variety
of adhesion mechanisms, such as dry adhesives [26], electro-
adhesion [27], and magnetic systems [28]. While these
studies address the mechanical aspects of surface traversal,
few offer integrated solutions for efficient and reliable path
planning. Some research has focused on autonomous navi-
gation within unknown pipeline configurations, emphasizing
reactive and perception-driven strategies [29]. Additionally,
optimization-based path planning has been explored in ap-
plications such as welding complex joints, highlighting the
need for computational efficiency in geometrically intricate
settings [30].

Recent advances leverage geometric and skeleton-based
representations to capture the intrinsic structure of 3D envi-
ronments. Centerline extraction techniques for tubular struc-
tures [31] and digital skeletonization methods [32] provide
compact and meaningful abstractions suitable for pipeline
environments. However, their performance can degrade in the
presence of surface noise or geometric irregularities. These
approaches inspire our proposed centerline-aligned Frenet
graph framework, which combines geometric coherence with
computational efficiency to support robust and optimized
path planning in pipeline settings.

III. FRENET-BASED DISCRETIZED PLANNING GRID

The position of a point in space is typically expressed
as a linear combination of the standard basis vectors in a
Cartesian coordinate system, whose basis consists of three
mutually orthogonal unit vectors denoted by ex, ey , and ez .
However, the Cartesian coordinate system cannot accurately
represent the continuity of the pipe’s two-dimensional man-
ifold.

The Frenet coordinate system provides a local reference
frame naturally aligned with the geometry of the pipeline.
Let the spatial curve c(s) represent the centerline of the
pipe, where s ∈ [0, L] denotes the arc-length parameter. The
associated Frenet frame consists of the tangent vector T(s),
the principal normal vector N(s), and the binormal vector
B(s), which satisfy the classical Frenet–Serret differential
equations:

dT

ds
= κN,

dN

ds
= −κT+ τ B,

dB

ds
= −τ N.

(1)
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where κ(s) and τ(s) denote the curvature and torsion of c(s),
respectively, fully describing its local geometric properties.

This formulation not only defines a local reference frame
along the centerline but also provides a precise mathematical
description of the pipe manifold’s geometry. By leveraging
the Frenet–Serret equations, the curvature κ(s) and torsion
τ(s) fully characterize the intrinsic bending and twisting
behavior of the spatial curve c(s), which are essential for
capturing the geometric features of the pipeline surface.
Consequently, the pipe manifold can be parameterized using
the centerline and its associated Frenet frame, enabling an
accurate and compact representation of the three-dimensional
structure.

The pipe surface can then be regarded as a two-
dimensional differentiable manifold M embedded in three-
dimensional Euclidean space, with a standard representation
defined by:

M ⊂ R3,dim(M) = 2,∃Φ : U ⊂ R2 → M ⊂ R3. (2)

To formalize this representation, a local direction vector
is defined within the normal plane at each point along the
centerline as follows:

ω(s, θ) = cos θN(s) + sin θB(s), (3)

where θ denotes the rotational angle around the centerline,
specifying a direction within the normal plane spanned by
N(s) and B(s). The vector ω(s, θ) establishes a consistent
local angular reference frame along the centerline.

The pipe surface can be parametrically represented as:

Φ(s, θ) = c(s) + δ(s) [cos θN(s) + sin θB(s)] . (4)

where δ(s) denotes the local radius of the pipe. This mapping
projects the two-dimensional parameter domain (s, θ) onto
a smooth surface embedded in three-dimensional Euclidean
space. As shown in Fig. 2, the image defines a continuous
tubular manifold that faithfully captures the geometry of the
pipe surface along the centerline.

Based on the parametric surface formulation Φ(s, θ), the
manifold M can be discretized by sampling the parameter
domain [0, L] × [0, 2π) along the s and θ directions. These
samples lie strictly on the manifold, eliminating the need
for post-projection or surface reconstruction, and ensuring
geometric accuracy and consistency.

Compared to conventional voxel grids or mesh-based
reconstructions, the surface generated through this parametric
mapping preserves geometric coherence, allows controllable
sampling resolution, and retains a smooth and continuous
normal vector field. These properties are particularly advan-
tageous for motion planning on constrained surfaces. A path
can be represented as a set of trajectory points mapped onto
the manifold, i.e., r = Φ(si, θi)

N
i=1 ⊂ M, which enables

planning to be conducted entirely within the surface space.
This eliminates redundant degrees of freedom in Cartesian
space and provides a structured foundation for trajectory
optimization.

The normal vector ω defined in the Frenet frame inherits
the smooth geometric properties of the pipe centerline,

Fig. 2: Frenet coordinate system framework. The gradient
color in the figure represents the change of the ω(s, θ) as θ
changes.

offering significantly higher consistency than normal vectors
estimated from discrete Cartesian samples. This continuous
representation is particularly important for climbing robots
that rely on stable multipoint contact and continuous surface
attachment, as it helps reduce attitude tracking errors and
improve trajectory stability.

Moreover, the Frenet grid supports strong local adapt-
ability. In regions with high curvature, dense obstacles, or
structural discontinuities, the discretization intervals ∆s and
∆θ can be refined to generate locally denser meshes. Path
reconstruction can then be performed efficiently on subgrids.
If a local obstacle region Ω is detected, it can be mapped
to a subdomain Ωsθ in the (s, θ) space, enabling rapid
local obstacle avoidance without modifying the global path
structure. This capability is particularly valuable for real-time
pipeline inspection and maintenance tasks.

IV. GEOMETRIC AND PHYSICAL METRICS

To evaluate the feasibility and efficiency of a surface path
for climbing robots, we define three core metrics: arc length,
smoothness, and energy consumption. These metrics jointly
capture the geometric regularity and physical effort required
for stable locomotion on curved surfaces.

A. Arc length

To investigate the geometric properties of parametric
curves on a surface, we consider the arc length between two
path points r(sa, θa) and r(sb, θb). The arc length Lab is
defined as the integral of the norm of the derivative of the
position vector along the path over the interval [a, b]:

Lab =

∫ sb

sa

∥∥∥∥∂r∂s
∥∥∥∥ ds (5)

Here,
∥∥∂r
∂s

∥∥ represents the magnitude of the tangent vector
to the path at each point. This quantity measures how the
position vector changes along the curve as s varies.

The coefficients E, F , and G of the first fundamental
form describe the inner products between surface tangent
vectors, thereby defining how local distances are measured
on the parameterized surface. These coefficients are derived
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from the partial derivatives of the position vector r(s, θ) with
respect to the parameters s and θ, and are given by:

E =

〈
∂r

∂s
,
∂r

∂s

〉
, F =

〈
∂r

∂s
,
∂r

∂θ

〉
, G =

〈
∂r

∂θ
,
∂r

∂θ

〉
(6)

These coefficients E, F , and G allow us to compute
the arc length by incorporating the local geometry of the
surface. Specifically, for a parameterized curve on the surface
described by (s(t), θ(t)), the arc length formula can be
rewritten in terms of these coefficients as:

Lab =

∫ b

a

√
E

(
ds

dt

)2

+ 2F
ds

dt

dθ

dt
+G

(
dθ

dt

)2

dt (7)

To expand the derivative dr
dt , its partial derivatives with

respect to the parameters s and θ are considered. The partial
derivative of r with respect to s is expressed as:

∂r

∂s
= T(s) + δ′(s)ω(s, θ) + δ(s)

dω

ds
(8)

According to 2, we get the derivatives of B(s) and N(s):

N′(s) = −κ(s)T(s) + τ(s)B(s),

B′(s) = −τ(s)N(s).
(9)

The derivative of ω(s, θ) with respect to s can be written
as:

dω

ds
= −κ cos θT+ τ cos θB− τ sin θN. (10)

Hence the complete form of the partial derivative becomes:

∂r

∂s
= (1− δ(s)κ(s) cos θ)T(s) + δ′(s)ω(s, θ)

+ δ(s)τ(s) (cos θB(s)− sin θN(s))
(11)

The partial derivative of r with respect to θ is:

∂r

∂θ
= δ(s)(cos θB(s)− sin θN(s)) (12)

The first fundamental form coefficients E, F , and G de-
scribe the inner products between surface tangent vectors and
define how local distances are measured on the parameterized
surface. Based on the previously derived expressions for the
partial derivatives, these coefficients are computed as:

E =

〈
∂r

∂s
,
∂r

∂s

〉
=

(1− δ(s)κ(s) cos θ)
2
+ (δ′(s))

2
+ (δ(s)τ(s))

2
,

F =

〈
∂r

∂s
,
∂r

∂θ

〉
= δ2(s)τ(s),

G =

〈
∂r

∂θ
,
∂r

∂θ

〉
= δ2(s).

(13)

It is noted that T, ω, and cos θB− sin θN are mutually
orthogonal, which facilitates previous calculations.

(a) κxy (b) κxz

Fig. 3: Projection of path points in the vehicle body coordi-
nate system and calculation of curvature.

B. Smoothness

Consider a path point on the surface of the pipe, whose
parameters are p(si, θi). The surface normal vector of this
point is:

n(si, θi) = −ω(si, θi) (14)

As shown in fig. 3, the two adjacent points of point pi±1

can be expressed as:

pi±1 = P(si±1, θi±1) (15)

Based on three path points and the normal vector, we
can obtain two projected vectors lying on the normal plane,
which is also the xy plane of the robot:

vxy
± =

(
I− nin

T
i

)
(pi±1 − pi) (16)

The cosine of the angle between these projected vectors
is computed as:

cos(s, θ) =
vxy
− · vxy

+∥∥vxy
−
∥∥ ∥∥vxy

+

∥∥ (17)

The curvature at the path point is then estimated using the
three-point circumcircle approximation:

κxy(s, θ) =
2 sin(s, θ)∥∥vxy
+ − vxy

−
∥∥ (18)

Following the same curvature estimation procedure, the
curvature κxz in the xz-plane can be derived, which char-
acterizes the bending degree of the robot’s climbing path in
the lateral plane.

C. Energy consumption

The adhesion force required to stabilize the robot’s motion
results in energy consumption. The passive normal reaction
of the wall does not perform mechanical work, but it re-
duces the active adhesion needed to counteract gravity. This
reduction is characterized by the support utilization index ci,
which is defined as:

ci = max(0, −ĝ · ni), ci ∈ [0, 1] (19)

where ni is the contact normal, and ĝ is the unit gravity
vector. A higher ci indicates stronger passive support. The
active gripping force Fgrip needed at position (si, θi) is given
by:

Fgrip = mg(1− ci) (20)
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The path-average support utilization c̄ = 1
N

∑
ci is an

important indicator of overall support efficiency, and the
corresponding mean adhesion demand is:

F̄grip = mg(1− c̄) (21)

Although the support itself does not generate work, main-
taining Fgrip consumes energy, which is modeled as:

Eadh(si, θi) =
(
Fgrip

)2
(22)

emphasizing the nonlinear increase of power with adhesion
force. In addition, the drive system must perform positive
tangential work to overcome uphill gravity and rolling resis-
tance,

∆Edrive(i) = max
(
0,−mg (ĝ · ti)

)
∆s+ µrmg∆s (23)

where ti is the tangential force, and µr is the rolling
resistance coefficient. The total energy consumed by the drive
system along the trajectory is given by Edrive.

Thus, the total energy consumption is the sum of the
adhesion-related energy and the drive energy:

Etotal =
∑
i

Eadh(si, θi) + Edrive (24)

which clearly separates adhesion costs from mechanical
traction work. This formulation shows that paths with higher
support utilization c̄ require less adhesion and, therefore,
reduce overall energy expenditure.

V. PATH SEARCH AND OPTIMIZATION

A. Initial path search

Constructing a discrete grid based on the Frenet coordinate
system is a key strategy in this work to balance path plan-
ning accuracy with dynamic adaptability, and accordingly,
the planning algorithm must be suitably adapted. Unlike
traditional Cartesian grid search, the robot state in the Frenet
framework is defined as (s, θ, ψ), where ψ denotes the
robot’s heading angle on local surface. To ensure motion
feasibility, state transitions are governed by an incomplete
motion model. Given control inputs linear velocity v and
steering angle ϕ, the state trajectory is generated by a hybrid
A* planner. In the Frenet space, state propagation is no
longer performed through Euclidean forward simulation in
(x, y, θ) space, but is instead directly carried out in the
parameter space (s, θ, ψ). On this basis, we employ the
hybrid A* algorithm to generate the initial path, as its
inherent angular constraints ensure that the resulting trajec-
tory complies with the robot’s steering limitations, thereby
improving both the feasibility and physical realizability of
the initial solution.

B. Path optimization

We formulate a path refinement process based on con-
strained optimization and an initial path. A unified objective
function is constructed to jointly minimize three criteria: path
length, smoothness, and energy consumption. The optimiza-
tion variables are defined as the Frenet parameters of discrete
path points:

x = [s1, θ1, s2, θ2, . . . , sn, θn]
T (25)

The overall objective adopts a weighted-sum formulation:

min
x
f(x) = w1Hlength + w2Hsmooth + w3Henergy (26)

where w1, w2, and w3 are the relative weights of each
cost component. The specific definitions of the three sub-
objectives are:

Hlength =

n−1∑
i=1

∥r(si+1, θi+1)− r(si, θi)∥2 ,

Hsmooth =

n−1∑
i=2

κ2i ,

Henergy =

n∑
i=1

E(si, θi)2.

(27)

The optimization is subject to the following constraints:
Position constraints:

sref − sl ≤ si ≤ sref + su,

θref − θl ≤ θi ≤ θref + θu.
(28)

Geometric constraint: All path points lie on the pipe
surface, which is inherently satisfied by the Frenet-based
parameterization.

Obstacle avoidance constraint: Path points must lie
outside obstacle regions, r(si, θi) /∈ Ω, or equivalently
(si, θi) /∈ Ωs,θ in the parameter space.

Curvature constraint: Local curvature must satisfy κi ≤
κmax to ensure smooth and physically feasible motion.

Boundary conditions:

r(s1, θ1) = rstart, r(sn, θn) = rend. (29)

The optimization problem can be solved using IPOPT,
which is a powerful solver for large-scale nonlinear opti-
mization problems. IPOPT is particularly well-suited for this
kind of problem, where the objective function is smooth
and quadratic, and the constraints are non-linear (such as
curvature and obstacle avoidance). By providing an initial
guess for the path and setting the weights w1, w2, and w3,
IPOPT can iteratively refine the path to meet the desired
objectives while satisfying the constraints.

VI. PERFORMANCE EVALUATION

To validate the proposed path planning method for mag-
netic wheeled robots based on the Frenet coordinate system,
we conducted both simulation and real-world experiments.
The simulation covered various pipeline configurations, in-
cluding straight segments, high curvature bends, and multi-
branch junctions, reflecting diverse operational conditions.
The robot’s kinematic model and control parameters were
consistent across all experiments for comparability.

Simulations were performed on a ROS and Gazebo plat-
form, with pipeline scenarios modeled in Blender.
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TABLE I: Scenario parameters

Scenario l × w × h (m) Points Resolution (m)

Spiral∗ 4.0× 2.52× 6.80 100034 0.02
Pipe Network∗ 16.0× 0.52× 10.26 174196 0.02
Area 1 Site 1† 8.17× 4.57× 0.42 106810 0.01
Area 1 Site 2† 4.77× 6.20× 0.45 96252 0.01
* Synthetic models developed in our simulation system.
† Real-world scenes from the OpenTrench dataset.

The OpenTrench dataset [9], a real-world underground
pipeline benchmark, is also employed for algorithmic vali-
dation. This dataset provides high precision 3D point clouds
of representative underground tubular structures, which were
used to construct the testing environment. Centerlines can be
reliably extracted from point clouds by some methods [8],
[13]. In this paper. we use the RANSAC algorithm to extract
the centerline and reconstruct pipeline models for testing.
An example is shown in Fig. 1, with pipeline parameters
summarized in Table I.

A magnetic wheeled robot with dimensions 30 × 20 × 20
cm and equipped with a Livox Mid-360 LiDAR was used for
physical validation. Its chassis design allows stable complex
maneuvers within ferromagnetic pipelines.

Evaluation metrics included path length, path curvature
κxy and κxz , as well as total energy consumption Etotal to
assess trajectory efficiency and feasibility.

A. Ablation study

To evaluate the effectiveness of the proposed Frenet based
framework, an ablation study was conducted by systemat-
ically replacing its search and optimization modules with
Cartesian coordinates. The results summarized in Table II,
demonstrate clear advantages of the Frenet approach in path
planning quality and energy efficiency.

The Cartesian baseline path is the longest, at 96.5 meters.
This is due to a mismatch between the path length searched
based on Cartesian coordinates and the true path length.
Furthermore, κmax

xy and κmax
xz are significantly excessive,

indicating poor geometric conformance and unstable motion.
In contrast, the Frenet based search shortens the path length
to 89.2 meters and reduces energy consumption to 216 J, but
the maximum curvature does not significantly decrease, and
there is a poor balance between the κavgxy and κavgxz .

Using Frenet search and Frenet optimization, while the
path length is longer, energy consumption is further reduced
to 275 J, the maximum curvature is significantly reduced,
and a good balance is achieved between the κavgxy and κavgxz .

Ablation studies confirm that the two Frenet based mod-
ules synergistically improve performance. The proposed
framework consistently generates shorter, smoother, and
more energy efficient paths, demonstrating its effectiveness
in reliable pipeline inspection applications.

B. Comparative study

To evaluate the performance of the proposed Frenet based
optimization method, a comparative study was conducted
against three established baseline approaches: Stumm’s

TABLE II: Performance of different modules.

Method len (m) κxy κxz Etotal (J)
avg max avg max

Cartesian 96.5 1.63 7.21 2.43 8.31 318
Frenet 85.4 1.15 5.78 1.89 7.48 275

Frenet+Opt 89.2 1.27 2.33 1.53 4.78 216

TABLE III: Performance of different algorithms.

Scenario Method len κavg
xy κavg

xz Etotal (J)

Spiral

Stumm’s 23.3 0.92 1.76 39
Li’s 23.7 0.97 1.56 53

Zhang’s 23.0 1.11 1.84 51
Ours 24.1 1.03 1.33 36

Pipe network

Stumm’s 18.7 0.41 0.44 64
Li’s 18.1 0.59 0.22 61

Zhang’s 19.2 0.34 0.41 72
Ours 17.5 0.31 0.12 57

Area 1 Site 1

Stumm’s 6.4 0.51 0.13 24
Li’s 6.8 0.37 0.27 31

Zhang’s 5.9 0.34 0.21 27
Ours 6.4 0.25 0.16 21

Area 1 Site 2

Stumm’s 5.8 0.13 0.22 12
Li’s 5.3 0.07 0.17 13

Zhang’s 5.7 0.08 0.11 15
Ours 5.5 0.10 0.07 9

method [15], Li’s method [8], and Zhang’s method [33].
All methods were implemented under identical conditions
using a Frenet frame discretization grid, with each experi-
ment repeated ten times to ensure statistical reliability. The
evaluation metrics included path length, curvature in both
horizontal and vertical planes, and total energy consumption,
as summarized in Table III.

In the spiral pipeline scenario, the proposed method
achieved a significantly lower energy consumption of 36 J
while maintaining a path length comparable to the baselines.
This result demonstrates the method’s ability to generate ef-
ficient trajectories with minimal unnecessary motion. Among
the baselines, Stumm’s and Li’s methods produced smoother
paths but at higher energy costs, while Zhang’s method ex-
hibited higher curvature values, leading to increased energy
demand.

The pipe network scenario further highlighted the advan-
tages of the proposed approach. It produced the shortest path
at 17.5 meters and the lowest energy consumption of 57 J,
effectively handling the complex junctions and directional
changes. In contrast, the baseline methods either generated
longer paths or higher curvature variations, resulting in
reduced overall efficiency.

The experiments in Area 1 Site 1 and Area 1 Site 2 con-
firmed the consistency of the proposed method. In both
environments, it achieved the lowest energy consumption
values of 21 J and 9 J, respectively, while maintaining stable
curvature profiles. These results indicate robust performance
across both geometrically complex and relatively simple
settings.

Overall, the proposed Frenet based optimization method
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(a) Original pipe model (b) Stuum’s (c) Li’s (d) Zhang’s (e) Ours

Fig. 4: Path comparison in complex pipeline scenarios.

Fig. 5: Field experiment with a magnetic wheeled robot in a pipeline corridor containing sharp bends and narrow joints.

demonstrates superior performance in balancing path length,
curvature smoothness, and energy efficiency. Its particularly
strong performance in complex pipeline environments sug-
gests substantial potential for practical applications in real-
world inspection tasks.

C. Real-world experiments

To validate the applicability of the proposed approach in
real-world scenarios, we conducted field experiments on a
magnetic wheeled robot platform. As shown in Fig. 5, the test
environment consisted of a complex pipeline corridor with
multiple sharp bends and junctions. The minimum diameter
of the pipe was only 50 cm, which substantially increased the
risk of wall collisions. Under these challenging conditions,
the proposed planner enabled the robot to maintain stable
adhesion and successfully negotiate narrow turns without
manual intervention. These results demonstrate the effective-
ness and robustness of our method in realistic and highly

constrained pipeline inspection tasks.

VII. CONCLUSION

This paper presented a path planning framework for
magnetic wheeled robots for autonomous inspection inside
pipelines. By utilizing the pipeline’s geometric features,
including its central axis and radius, and applying a Frenet
coordinate-based representation, the method enables efficient
modeling of the two-dimensional manifold of the pipeline
surface. Experimental results demonstrate that the Frenet co-
ordinate system outperforms the Cartesian coordinate system
in terms of geometric adaptability, computational efficiency,
and adhesion stability, especially in complex geometries
such as curved and branched pipelines. Its parameterized
representation significantly reduces computational complex-
ity and improves path adherence. The proposed quadratic
programming optimization further enhances path smoothness
and reduces energy consumption compared to traditional
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methods, better meeting the high precision path planning
requirements for magnetic wheeled robots operating on the
inner surface of pipelines and showing promising engineering
application potential. Future work may focus on integrating
more efficient centerline extraction methods and accelerated
quadratic programming solvers to further improve overall
system performance.
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