i;:l?é electronics

Article

Gecko-Inspired Robots for Underground Cable Inspection:
Improved YOLOVS for Automated Defect Detection

Dehai Guan 12

check for
updates

Academic Editor: Dah-Jye Lee

Received: 12 July 2025
Revised: 29 July 2025
Accepted: 4 August 2025
Published: 6 August 2025

Citation: Guan, D.; Honarvar
Shakibaei Asli, B. Gecko-Inspired
Robots for Underground Cable
Inspection: Improved YOLOVS for
Automated Defect Detection.
Electronics 2025, 14, 3142.
https://doi.org/10.3390/
electronics14153142

Copyright: © 2025 by the authors.
Licensee MDP], Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license

(https:/ /creativecommons.org/
licenses /by /4.0/).

and Barmak Honarvar Shakibaei Asli 2*

College of Mechanical and Electrical Engineering, Nanjing University of Aeronautics and Astronautics,
Nanjing 210016, China; dehai.guan@cranfield.ac.uk

Centre for Life-Cycle Engineering and Management, Faculty of Engineering and Applied Sciences, Cranfield
University, Cranfield, Bedfordshire MK43 0AL, UK

*  Correspondence: barmak@cranfield.ac.uk

Abstract

To enable intelligent inspection of underground cable systems, this study presents a gecko-
inspired quadruped robot that integrates multi-degree-of-freedom motion with a deep
learning-based visual detection system. Inspired by the gecko’s flexible spine and leg struc-
ture, the robot exhibits strong adaptability to confined and uneven tunnel environments.
The motion system is modeled using the standard Denavit-Hartenberg (D-H) method, with
both forward and inverse kinematics derived analytically. A zero-impact foot trajectory is
employed to achieve stable gait planning. For defect detection, the robot incorporates a
binocular vision module and an enhanced YOLOvVS framework. The key improvements
include a lightweight feature fusion structure (SlimNeck), a multidimensional coordinate
attention (MCA) mechanism, and a refined MPDIoU loss function, which collectively im-
prove the detection accuracy of subtle defects such as insulation aging, micro-cracks, and
surface contamination. A variety of data augmentation techniques—such as brightness
adjustment, Gaussian noise, and occlusion simulation—are applied to enhance robustness
under complex lighting and environmental conditions. The experimental results validate
the effectiveness of the proposed system in both kinematic control and vision-based defect
recognition. This work demonstrates the potential of integrating bio-inspired mechanical
design with intelligent visual perception to support practical, efficient cable inspection in
confined underground environments.

Keywords: cable inspection; gecko-inspired robots; YOLOvS; kinematics; visual detection

1. Introduction

With the increasing demand for inspection, maintenance, and cleaning of facilities
in industrial, military, and civilian fields, it has become necessary to automate certain
processes to reduce costs and ensure personnel safety. For example, in the industrial
sector [1], intelligent inspection robots are used for the inspection and maintenance of
equipment. These robots can easily access narrow spaces that are difficult for humans to
reach, such as factory pipelines and the interiors of equipment, to conduct crack detection,
corrosion monitoring, and routine maintenance. This improves the reliability and safety of
the equipment while reducing downtime and maintenance costs. In the military sector [2],
intelligent inspection robots can be used for the inspection and maintenance of military
equipment. They can inspect rivets, loosened components, and engine blades inside
complex equipment such as aircraft and ships, ensuring proper operation. In the civilian
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sector [3], inspection robots can be used for the inspection of corridors, pipelines, and cable
trenches in power grids to identify corrosion, cracks, and other potential safety hazards.

Despite recent advancements in intelligent inspection technologies, the existing under-
ground cable inspection robots still face considerable challenges [4] in practical applications.
Most current systems adopt wheeled or tracked rigid-body structures, resulting in poor
flexibility and limited adaptability in narrow, irregular, and obstacle-rich environments
such as pipelines and cable trenches. These mechanical constraints severely restrict their
operational capability.

From the perception perspective, many vision-based defect detection methods rely on
general-purpose deep learning models, which struggle to identify small irregularly shaped
defects (e.g., insulation aging and micro-cracks) in real underground scenarios, particularly
under conditions with poor lighting, occlusion, or complex backgrounds. Although YOLO-
series detectors exhibit strong performance in terms of detection speed, they still suffer
from limitations in recognizing fine-grained defects, handling occlusions, and achieving
lightweight deployment, making them less suitable for embedded mobile platforms.

Therefore, developing an inspection system capable of flexible locomotion in confined
underground environments while ensuring high-precision visual detection remains a
critical challenge. Although prior studies have addressed either mechanical adaptability or
visual algorithms individually, practical deployment demands a tightly integrated solution
that enhances mechanical compliance, visual robustness, and system-level deployability.

To address these challenges, the main contributions of this paper are as follows:

1.  Gecko-Inspired Quadruped Robot Design:
A novel quadruped robot is developed, inspired by the gecko’s flexible spine and
multi-joint limb structure. By combining biologically inspired mechanics with
Denavit-Hartenberg-based kinematic modeling and zero-impact gait trajectory plan-
ning, the robot achieves stable adaptive locomotion in constrained and irregular
underground cable environments.

2. Improved Lightweight Vision Framework Based on YOLOVS:
To improve the performance of defect detection in complex underground environ-
ments, we propose an enhanced YOLOv8-based object detection model. This frame-
work includes three novel modules: (1) SlimNeck, a lightweight neck architecture
designed to efficiently aggregate multi-scale features using GSConv and VoV-GSCSP
structures; (2) MCA, which introduces coordinate attention along the channel, width,
and height dimensions to strengthen feature discrimination; and (3) MPDIoU loss,
which introduces a geometric penalty based on the shortest point-to-point distance
between predicted and ground-truth boxes, thus improving localization accuracy.

In summary, this paper addresses key challenges in robotic mobility, fine-grained
defect detection, and model deployability for underground cable inspection. By integrating
a gecko-inspired mechanical system with a modular and efficient vision detection frame-
work, the proposed solution offers a comprehensive and practical approach for intelligent
inspection in constrained environments.

This paper is organized as follows. Section 2 reviews the current state of underground
cable inspection robots and gecko-inspired climbing systems, highlighting the existing
limitations. Section 3 presents the proposed solution, detailing the mechanical design of
the gecko-inspired quadruped robot, its kinematic modeling, and the development of an
enhanced YOLOVS-based visual detection framework. Section 4 describes the experimental
setup and validation process, including kinematic simulation and cable defect detection
performance comparisons. Finally, Section 5 concludes the paper and discusses future
research directions.
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2. Related Works
2.1. Currently Underground Cable Inspection Robots

Claudio et al. from the Federal University of Rio Grande in Mexico [5] developed
a pipeline inspection robot named TATUBOT. The robot’s active wheels are located at
its front end and are driven by independent motors to maintain contact with the inner
wall of the pipeline. To adapt to different pipe diameters, the robot uses angle-adjustable
driving wheels to rotate and reposition itself inside the pipeline. The Shanxi Branch of
the State Grid Corporation of China [6] developed a small wheeled underground cable
inspection robot. Its drive system is composed of drive wheels and guide wheels. The drive
wheels contact the pipe wall and increase friction through a rough surface, while the guide
wheels contact the cable to help the robot move smoothly along it. The Power Robotics Key
Laboratory of Hunan [7] developed a tracked underground cable inspection robot. The
robot uses a dual-motor tracked drive, with independent brushless DC motors on both
sides, enabling flexible movement in narrow cable trenches. It can also climb slopes and
cross obstacles of certain heights.

However, wheeled and tracked rigid-body robots have certain limitations when op-
erating in pipeline environments. They perform poorly on complex pipe surfaces—such
as those with dirt or obstacles—and the main bodies of rigid robots, lacking degrees of
freedom, suffer from limited flexibility, which restricts movement during certain actions.

2.2. Gecko-Inspired Climbing Robots

Geckos are reptiles native to tropical and temperate regions, known for their flexible
climbing abilities (Figure 1). Their spinal structures [8] consist of multiple vertebrae
connected via complex joints, enabling bending and twisting for rapid motion and posture
adjustment. Their muscular and flexible legs [9], ankles, and toes allow rapid running and
surface climbing [10]. Independent toe movement enhances contact precision and grip
stability during climbing [11].

Figure 1. Biological gecko [12].

To improve the mobility, compliance, and flexibility of quadruped crawling robots [13]
in narrow and complex pipeline environments, particularly during high-speed motion,
researchers have taken biological geckos as inspiration. They have conducted detailed
studies on the gecko’s flexible spine, limb structure, and agile ankles. Based on these
features, attempts have been made to develop gecko-shaped quadruped crawling robots,
resulting in a series of achievements.
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Since the 20th century, scholars both domestically and internationally have carried out
extensive research on gecko-inspired robots [14,15], aiming to enhance the stability of robot
movement. These robots are mainly classified by their actuation methods, including servo
motors, shape memory alloys (SMAs), and cable-driven systems [16—-18].

Imperial College London developed a quadrupedal standing-style gecko-inspired
robot [19]. The robot’s spine and legs are driven by servo motors. The spine has two degrees
of freedom, allowing the front and rear sections of the spine to oscillate. The legs also have
two degrees of freedom. The first DOF is oriented perpendicular to the climbing surface,
enabling the leg to swing forward during the stepping phase and maintain a consistent
position and orientation during the stance phase. The second DOF rotates around an axis
parallel to the wall and drives a four-bar linkage to ensure that the sole remains parallel to
the ground while lifting or landing. The Ji Aihong research group at the Nanjing University
of Aeronautics and Astronautics designed a gecko-inspired robot [20] with an SMA-driven
flexible spine. By adjusting the temperature, the spine can perform bending movements
and absorb impacts, enabling the robot to adopt multiple crawling postures. This driving
method offers high efficiency, stability, and control accuracy and has broad application
prospects. David et al. from the National Polytechnic Institute of Mexico [21] developed a
cable-driven multi-joint gecko-inspired robot. The robot’s spine vertebrae are connected
using flexible steel cables. One end of the cable is attached to the shaft of a DC motor,
which maintains cable tension via motor control, thereby helping the robot to remain stable
across its four limbs. The robot uses plastic and flexible steel cables as its primary structural
materials, making the spine lightweight and easy to manufacture. The cables provide
sufficient tension to maintain spinal posture during locomotion, offering solid support.

2.3. Three-Dimensional Image Acquisition and Analysis for Underground Cables

In recent years, with the growing demand for automated underground cable inspec-
tion, researchers have increasingly integrated visual sensors and intelligent image process-
ing algorithms into the field of cable detection. This has led to the development of cable
inspection robot systems capable of automatic identification and analysis. By leveraging
computer vision techniques to recognize and enhance surface defects on cables, these algo-
rithms have effectively replaced manual inspection methods and significantly improved
both the efficiency and accuracy of the detection process. Gao et al. [22] developed a 3D
vision-based robot for crack detection on large structures using MobileNetV2-DeepLabV3
and multi-sensor fusion. The system achieves sub-millimeter accuracy and supports spatial
mapping through LiDAR and stereo cameras, enabling reliable deployment in construction
environments. Meanwhile, Zhang et al. [23] proposed a non-scanning 3D imaging system
using compressed sensing and dual-frequency continuous-wave LiDAR. By applying all-
phase Fourier transform and integrating low-cost detectors, the method enables efficient
depth acquisition with fewer measurements and enhanced safety, suitable for compact
scene reconstruction.

In vision-based inspection systems, object detection algorithms are generally catego-
rized into two types: one-stage and two-stage detectors [24]. While most conventional
methods focus on 2D image-based detection, recent studies have begun exploring 3D vision
technologies for more accurate and spatially aware defect analysis.

One-stage detectors perform object localization and classification simultaneously in a
single forward pass, making them highly efficient and suitable for real-time applications.
The representative algorithms in this category include the YOLO (You Only Look Once)
series—such as YOLOv8 and YOLOv11—which are widely used for their balance between
speed and accuracy. Liu et al. [25] proposed UCIW-YOLO, an improved YOLOv5-based
model for farmland obstacle detection. By integrating lightweight UIB modules, coordinat-
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ing attention, and a novel Inner-WIoU loss, the model enhances detection accuracy and
efficiency. It achieved 0.845 mAP@0.5:0.95 and runs at 10.09 FPS, making it well-suited for
real-time deployment in unstructured agricultural environments. Wang et al. [26] proposed
Bi2F-YOLO, an improved YOLOv? framework for underwater object detection. By integrat-
ing BiFormer attention, FasterNet backbone, and EfficientCIloU loss, the model enhances
detection under blur and occlusion. It achieved 87.3% mAP@50 on RUOD with 14.3%
fewer parameters and 5.5% less computation. Bhagwat et al. [27] proposed a real-time
defect detection method for 11 kV power distribution insulators by combining a modified
YOLOvV11 with MobileNetV3. The model enhances feature extraction efficiency while
remaining lightweight, making it suitable for drone-based inspections. The experimental
results on a custom UAV-captured dataset demonstrated superior accuracy and speed
compared to existing models, enabling practical deployment in power grid monitoring
systems. Wang et al. [28] proposed a geometry-aware one-stage detector based on FCAF3D
for precise cutting-point detection using multi-view fusion and SE attention, achieving
high accuracy under occlusion. This demonstrates the potential of extending vision-based
detection beyond 2D methods toward spatially informed 3D perception.

Two-stage detectors [29] perform object detection through a two-step process: first
generating region proposals and then classifying and refining these candidate regions.
This staged approach allows for more precise localization and classification, making it
well-suited for applications that demand high accuracy. A representative algorithm in
this category is the R-CNN (Region-based Convolutional Neural Network) series, which
includes Fast R-CNN, Faster R-CNN, and Mask R-CNN. Magdy et al. [30] proposed a
lightweight compression method for Faster R-CNN that combines mixed-precision training,
pruning, and dynamic quantization. This approach reduced the model parameters by
56.6% and model size by 25.6% while maintaining detection accuracy. It demonstrates
excellent performance in remote sensing image tasks and is suitable for deployment in
resource-constrained environments. Gelu-Simeon et al. [31] proposed a deep learning
model for real-time delineation of colorectal polyps during colonoscopy procedures. The
method aims to enhance lesion detection accuracy and assist clinicians in making timely
decisions. The experimental results demonstrate that the model achieves high precision
and is well-suited for practical deployment in clinical environments.

Compared with other object detection algorithms, YOLOv8 demonstrates outstanding
accuracy and strong generalization ability. These strengths make it particularly effective
in addressing complex defect detection challenges, such as those found in underground
cable systems. Numerous researchers have improved YOLOvVS8’s performance in various
applications by restructuring its architecture and optimizing specific modules [32,33].

3. Methodology

To enable efficient and accurate inspection of underground cables, this study presents
the development of a gecko-inspired quadruped bionic robot. As illustrated in Figure 1,
the morphology of the gecko provides the biological basis for the robot’s flexible spine
and limb layout. This inspiration is further translated into a physical prototype, as shown
in Figure 2. The robot features a flexible spine and multi-degree-of-freedom limb design,
enabling it to navigate complex environments such as tunnels and sloped surfaces with
enhanced stability and mobility. The methodology begins with the kinematic modeling
and analysis of the robot to ensure its adaptability across varying terrains.

A high-definition camera is mounted on its head for detection purposes. Building
on this, a vision-based inspection framework is implemented to detect insulation wear,
surface cracks, and potential safety hazards in cable systems. Advanced image processing
techniques—including data augmentation, brightness normalization, and occlusion simula-
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tion—are applied to improve defect visibility under challenging conditions such as low
light or noise interference. Additionally, optimized visual algorithms based on a modular
object detection framework enhance recognition accuracy, particularly for fine-grained

defects like micro-cracks or aged insulation.

Figure 2. Structural diagram of a wall-climbing bionic robot.

3.1. Kinematic Modeling of a Quadruped Robot

D-H (Denavit-Hartenberg) modeling [34] is a method used to describe the relative
positions and orientations of links in a mechanical system. This method is commonly used
in the field of robotics, especially for describing the geometric relationships between robot
joints and links (as shown in Figure 3). In the figure, the red circles represent the robot’s
rotational joints parallel to the ground, the red rectangles represent the rotational joints
perpendicular to the ground, and the blue circles indicate the foot support center points
of the robot. The fundamental idea of this modeling is to divide the mechanical system
into a series of joints and links and define a set of parameters to describe the rotational and
translational relationships between each pair of adjacent joints and links.

Figure 3. Denavit-Hartenberg modeling diagram of a quadruped robot.

To establish the coordinate systems for Denavit-Hartenberg (D-H) modeling, the
following conventions are adopted. The Z-axis is defined as the direction of the axis of
joint i + 1. Although its orientation can be arbitrary, for simplicity, all Z-axes are typically
considered parallel, and the direction parallel to the robot’s spine is chosen as the base
coordinate direction for consistency. The X-axis is oriented along the common normal
between adjacent Z-axes, pointing from one Z-axis to the next. The direction of the base
coordinate system is arbitrary but is generally chosen to align with the global coordinate
frame. The Y-axis is determined using the right-hand rule, where the thumb points in the
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Y direction when the fingers curl from the Z-axis to the X-axis. The origin of each coordinate
frame is located at the intersection of its corresponding Z-axis and X-axis.

According to the standard Denavit-Hartenberg (SDH) convention, four parameters
are used to define the relative transformation between adjacent links: (1) the joint angle
6, which is the rotation about the Z-axis to align the previous X-axis with the current one;
(2) the joint distance d, which is the translation along the Z-axis to align the two X-axes;
(3) the link length a, defined as the translation along the X-axis between the origins of
adjacent coordinate frames; and (4) the link twist &, representing the rotation about the
X-axis to align the Z-axes.

As shown in Figure 4, the standard D-H parameter model is constructed based on the
robot’s leg and the rear segment of the spine. The coordinate frames are assigned according
to the D-H convention, where the Z-axes are aligned along the joint axes, and the X-axes
are defined by the common normals between adjacent Z-axes. This figure clearly illustrates
the position of each joint and its associated coordinate frame, which provides the geometric
basis for assigning the D-H parameters. The color and shape representations of the symbols
in Figure 4 follow the same convention as those in Figure 3.

® support phase @ DH base [ Joint(Y) @ Joint(Z) — coordinate

Z Ly L2 Ly Ly z
(i 1,
Xy 0 0 Zy 0s X,
2 X, X .
5
Z1 Z
2 0; X, 7,
A/T 05
X5

Figure 4. SDH parameter reference diagram.

The corresponding D-H parameters used for the kinematic model are listed in Table 1.
The table specifies the joint angle 6;, joint offset d;, link length a;, and link twist «; for each
link in the leg structure.

Table 1. Denavit-Hartenberg parameters.

Joint Angle (6;) Joint Distance (d;) Link Length (a;) Link Twist («;)
01 0 Lq 90°
0, 0 Lo 0°
03 0 Ls —90°
04 0 Ly 0°
05 0 Ls 0°

We adopt the standard Denavit-Hartenberg (SDH) method to construct the forward
kinematics model for a single leg of the quadruped robot. As shown in Equation (3) [10], the
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transformation between adjacent joints is represented by a homogeneous transformation
matrix composed of rotational and translational components:

LT =R(Zi1,0)T(Zi_1,d;)) T(X;_1,a;))R(X;_q, ;). 1)

where R(Z;_1,0;), T(Z;_1,d;), T(X;_1,a;), and R(X;_1,a;) represent rotation about the
Z-axis by angle §;, translation along the Z-axis by distance d;, translation along the X-axis
by distance a;, and rotation about the X-axis by angle «;, respectively.

In kinematic modeling, the fundamental pose transformation operations of a rigid
body in three-dimensional space typically involve translations along and rotations about
the coordinate axes. These transformations can be systematically represented using ho-
mogeneous transformation matrices, which serve as the fundamental building blocks for
describing the pose of each link relative to the base frame. The commonly used homoge-
neous transformation matrices for translation and rotation are defined as follows [35]:

1 0 0 a
01 0%
T(a,b,c)= , 2
@b =15 0 1 ¢ @
0 0 01
1 0 0 0]
0 cos —sinf 0
R(ep) = [0 b PO ©
sin cosp O
0 0 0 1]
[cosp —sinp 0 O]
sinf cosp 0 0
R = . 4
@O="" 9T L, @
0 0 0 1]

In the above matrices, T(a,b,c) represents a translation along the x-, y-, and z-axes
by distances 4, b, and ¢, respectively. The rotation matrix R(x, ) denotes a rotation of
angle  about the x-axis and is typically used to represent the link twist angle & in the
Denavit-Hartenberg (D-H) model. Similarly, the matrix R(z, §) describes a rotation about the
z-axis and is commonly employed to represent the joint angle 6, particularly for revolute joints.

With these transformation matrices defined, we can now apply the standard SDH
formulation introduced in Equation (1). As an example, the transformation from the base
frame to joint 1 can be derived as follows:

cos 61 sinfy  Ljcosbq

0Ty = R(Zo,01)T(Zo,d1)T(Xo,a1)R(Zg, 1) = 0 0 ) 5)

0
sinf; 0 —cosf; Lqsin6;
1
0 0 0 1

The remaining transformation matrices (from 1T, to #Ts) can be constructed following
the same rules, as already listed earlier, and thus omitted here for brevity.

By sequentially multiplying these local transformation matrices, we obtain the overall
transformation matrix from the base coordinate system to the foot coordinate system:

O =07, .17, - 275 - 3Ty - 4T5. (6)
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The final homogeneous transformation matrix from the base coordinate system to the
foot coordinate system can be obtained as follows:

cos(P1+ P4+ P5) —sin(P1+P4+P5) 0 % + Ly cos By + L3 cos 61 + Ls cos 0145 + %

O, — |Sin(PL+P4+P5)  cos(PL+Pa+P5) 0 253 4 Lysindy + Liysing) + Lysinbys + =502 | 7y
0 0 1 L2 Sil’lez
0 0 0 1

The position of the foot in the base frame can then be extracted by multiplying this
transformation matrix with the homogeneous point vector [00 0 1]7:

0 Px
P,
op— o1, |9 = | ¥ (8)
0 Py
1 1
Note: The components Px, Py, and P represent the 3D position of the foot in
the base frame and are obtained from the last column of the full transformation
matrix.
Expanding and simplifying the resulting position expressions yields
L 0 L 01-
Px = £2008Y12 + Ly cos By + Liz cos 61 + L5 cos 0145 + 2CO§12
Lysiné Lysinfq_
Py = et o + LysinBy + Lizsinfy + L sin 6145 + ~25M-2 : ©)

2 2

PZ = Lz sin 92

Note: For simplification, we define shorthand notations such as 6; j=0;+0;o0r
0; — 9]', e.g., 01 =01+ 0y, 0145 = 01 + 04 + 65, etc.

Given the desired end-effector position in Cartesian space (Px, Py, Pz), the joint angles
61 through 65 can be computed using inverse kinematics. In practical applications, 6;
is often predefined based on the foot trajectory, while the remaining joint angles can
be derived geometrically. The resulting inverse kinematics expressions are summarized

6, = arcsin &
2 = L,

0 = —6

as follows:

Px —a)?+ (Py —b)?> — L7 — L2
f5 = arccos (Px —a)" + (Py —b) 4 5 . (10)
20415

Px — Py—b
04 = arcsin Ixmatly =0 _ arctan(cl) — 0

[c2 4 2 €2
ci+c;

where the intermediate variables a, b, c1, and ¢, are defined as

L L
=2 cos(01 + 6,) + Lizcos 6y + 72 cos(6; — 6,)

b= ?2 sin(91 + 92) + L13sin 6y + % Sil’l(91 — 92) (11)

c1 = Lg + Ls(cos 05 + sin 65)

c3 = Ly + Ls(cos 05 — sin 65)

We have derived the inverse kinematic expressions for each joint of the robot’s single
leg. To verify the correctness of the derived inverse solutions, we can design a foot-end
trajectory curve and substitute this curve into the kinematic equations to obtain joint
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position curves. Then, by using forward kinematics, we can calculate the resulting foot-end
trajectory and compare it with the original.

Zero-impact foot trajectory curve [36] ensures smooth and continuous velocity and
acceleration at the joints, enabling quick and stable leg swing with no foot sliding or
dragging. The trajectory is defined as

P = [Py, Py, P;]. (12)

where Py, Py, P; represent the X, Y, and Z position changes of the foot end in the base
coordinate system, and the expressions are

Py=L1+Ly+Ls+Ly, 0Z<t<T. (13)
b Pyo—{—S{ﬁ—%sm %f)}, 0<t< Ty, 14
e P, —Q—S{u—ism( H(Tft))} T,<t<T
y0 Tn 27 T soodm
t 1 27t
g <t<0.
T & 27_[sm<Tm.k)}, 0<t<05T,,
Tw —t 1 27t
P,=<H - 5T, <t<T, 1
z T, k > 1n<Tm-k>} 05Ty <t < Ty, (5)
0, Tw <t<T.

where S is the stride, H is the leg lift height, T}, is the swing phase period, T = 2Ty, vertical
motion time parameter k = 0.5, and P is the initial Y-direction position of the foot end.
In the simulation, the stride S is set to 68 mm, the leg lift height H is 20 mm, and the total
cycle period T is 4s.

This zero-impact trajectory reduces impact at foot-ground contact and improves
motion stability and efficiency, making it ideal for pipeline crawling robots. Therefore,
trajectory P is adopted for inverse kinematics verification. The leg lift height affects foot
impact force and should not exceed the leg L, length. The stride is limited by swing joint
length L3 and should be close to this length.

After planning the trajectory curve of the robot’s foot end, a kinematic simulation experi-
ment can be conducted to verify the correctness of the derived inverse kinematic solutions.

3.2. Image Dataset Preparation and Modular Detection Enhancements

To ensure accurate detection of cable surface defects such as insulation damage, cracks,
or wear, the robot integrates a vision-based inspection module. This module is responsible
for acquiring high-quality images in underground cable environments, which often suffer
from poor lighting and complex visual backgrounds. Therefore, the image acquisition
process is coupled with a series of enhancement techniques aimed at improving image
clarity and defect visibility.

3.2.1. Image Collection

To validate the effectiveness of the robot’s visual recognition module in real-world
scenarios, a publicly available cable defect image dataset [37] was employed in this study
(as shown in Figure 5). After undergoing image enhancement processing, the dataset
comprises over 1500 annotated images, covering a wide range of common cable surface
damage types, such as insulation aging, cracks, scratches, and contamination. The images
were collected under diverse underground conditions, including varying lighting levels,
background clutter, and overlapping cables, to ensure high variability and realism. The
dataset is divided into training and validation sets with a ratio of 4:1, ensuring effective
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model learning and performance evaluation. In addition, a separate test set consisting of
113 unlabeled images is used to assess the model’s generalization in unseen conditions. By
encompassing diverse scenarios, the dataset ensures high representativeness and robustness
for training and evaluation.

7]
Figure 5. Cable defect dataset [37].

In addition, each image is accompanied by a corresponding label file in YOLO format,
which provides detailed annotations of defect categories and bounding box coordinates.
These label files enable the object detection model to learn the spatial location and class
of each defect during training, serving as essential ground-truth references for super-
vised learning.

3.2.2. Data Augmentation

In real-world underground cable inspection environments, image acquisition is often
affected by noise interference, uneven lighting, occlusions, and perspective distortions [38],
which reduce the clarity and distinguishability of defect areas. To enhance the robustness
and generalization ability of detection models under complex conditions, this study imple-
ments a series of image augmentation strategies. These methods not only enrich sample
diversity but also improve the detection of fine features such as micro-cracks and aged
insulation layers.

The augmentation techniques adopted in this work include geometric transformations,
photometric perturbations, and occlusion simulation. Geometric enhancements involve
random cropping, shifting, rotation (45°, 90°, 135°, and 180°), and flipping (horizontal,
vertical, and diagonal), with corresponding updates to bounding boxes to ensure label
consistency (as shown in Figure 6).

Brightness adjustment [39] is a common data augmentation technique designed to
simulate variations in lighting conditions. In this method, the overall brightness of an
image is modified by scaling its pixel intensities and optionally adding an offset. Gaussian
noise [40] is a widely used data augmentation technique that simulates sensor noise or
environmental disturbance in images. Random Erasing [41] is a data augmentation method
designed to improve the robustness of visual models by randomly occluding a rectangular
region of the input image.
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Figure 6. Examples of cropping, flipping, rotating, and translation on an image.

To intuitively demonstrate the effects of different image augmentation techniques,
Figure 7 presents representative examples: the original image, brightness adjustment,
additive Gaussian noise, and cutout augmentation. These visualizations illustrate how each
method introduces controlled perturbations to the input, enhancing the model’s robustness
under varying conditions such as lighting changes, noise interference, and partial occlusion.

ooomoao

Oooo0ombo oo

Figure 7. Examples of brightness adjustment, adding Gaussian noise, and cutout augmentation on
an image.

In summary, image augmentation techniques such as brightness adjustment, Gaussian
noise injection, and cutout occlusion play a vital role in enhancing object detection perfor-
mance. These methods significantly improve the model’s robustness and generalization
ability by enriching the diversity of training data and simulating real-world challenges like
lighting variation, sensor noise, and partial occlusion. By introducing controlled perturba-



Electronics 2025, 14, 3142

13 of 27

tions, the model learns more representative and resilient feature patterns, laying a solid
foundation for downstream training and deployment.

3.2.3. Enhancement Algorithms

To address the limitations of existing YOLOvS8-based detectors in identifying fine-
grained cable defects under occlusion and uneven lighting, we introduce a modular en-
hancement strategy composed of three core components: SlimNeck, MCA, and MPDIoU.
The SlimNeck module, designed to improve feature aggregation efficiency, integrates
GSConv and VoV-GSCSP blocks to build a lightweight neck architecture. This design
improves model compactness and ensures faster inference, making it suitable for real-time
deployment on edge devices. The MCA module applies coordinate attention along the
channel, width, and height dimensions, enhancing the model’s ability to focus on defect-
relevant regions in complex visual scenarios. This helps to boost the discriminative power
of extracted features, especially for small-scale or subtle cable defects. The MPDIoU loss
function introduces a geometric penalty based on the minimum point-to-point distance be-
tween predicted and ground-truth bounding boxes. This refinement addresses limitations
of standard IoU-based metrics, improving the localization accuracy for fine-grained defect
boundaries. These components are designed to work together to improve feature fusion,
spatial attention, and localization accuracy while maintaining real-time performance.

The implementation follows a structured three-step process: module definition, mod-
ule registration, and structural parsing. This enables seamless integration of customized
components without altering the core logic of the backbone network.

First, all custom modules are implemented to maintain compatibility with the base
architecture. The SlimNeck module, designed to improve feature aggregation efficiency,
combines Grouped Spatial Convolution (GSConv) and Channel Shuffling to compress
features with low computational cost. This operation is formulated as [42]

y = GSConv(x) 4+ ChannelShuffle(x). (16)

As shown in Figure 8, the SlimNeck architecture integrates the VoV-GSCSP module
with GSConv and GSBottleneck components to construct an efficient feature fusion network.
By adopting this lightweight design, the YOLOv8n model achieves improved detection
accuracy for cable defect recognition while significantly reducing model parameters and
enhancing inference speed. Through the collaborative interaction of these modules, the
architecture strikes a balance between computational efficiency and feature representation
capability, effectively addressing key challenges in cable defect detection systems deployed
on edge devices.

Next, these modules are centrally registered to ensure that they are properly exposed
and accessible during model construction. The MCA module enhances feature expressive-
ness by generating attention weights along three spatial dimensions—channel, width, and
height—and applying element-wise modulation to focus the model on informative regions.
The process is defined as [43]

X' =X -0(Ac® Auw D Ap), 17)

where X denotes the input feature map, A, Ay, and Ay, are attention weights along the
channel, width, and height dimensions, respectively, ¢ is the sigmoid activation, and &
represents broadcast addition.
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Figure 8. Structural diagram of the SlimNeck neck module.

As shown in Figure 9, the MCA structure consists of three branches [44]. The top
branch, corresponding to the width dimension, reshapes the tensor to focus on defect
features distributed horizontally along the cable surface. The middle branch, corresponding
to the height dimension, has a similar structure and captures features distributed vertically.
The bottom branch, corresponding to the channel dimension, preserves the original channel
structure and retains global semantic information. The attention mechanism of MCA
includes two key components: compression transformation and excitation transformation.
The compression transformation adaptively enhances the feature distinction between
defective regions and the background by integrating global average pooling and standard
deviation pooling. The excitation transformation determines the interaction coverage range
between channels through nonlinear activation, improving the receptive field for small
localized defects and generating precise attention weights. On the right side of Figure 9,
the outputs of the three branches are recalibrated through attention weights and then fused
by simple averaging. This adaptively enhances the feature maps of defects and improves
the accuracy of defect localization and recognition.
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Figure 9. Architecture of the multidimensional channel attention (MCA) module [44].
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To support modular flexibility, the model parsing logic is extended to enable the correct
instantiation of these modules from YAML-based configuration files. For loss design, this
work introduces the MPDIoU loss function, an enhanced variant of Intersection over Union
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(IoU), which incorporates a geometric penalty based on the shortest point-to-point distance
between predicted and ground-truth bounding boxes [45]:

QL

min ] (18)

dmax

MPDIoU = IoU — A -

Here, dpyin is the minimum Euclidean distance between box boundaries, dmax is the maxi-
mum possible diagonal distance, and A is a tunable penalty coefficient.

This modular design decouples task-specific enhancements from the backbone net-
work, enabling plug-and-play extensibility for rapid experimentation. During deployment,
the integration of modules is controlled via a unified YAML configuration, ensuring consis-
tency and compatibility across different training pipelines.

To visually illustrate the proposed modular enhancement framework and clarify the
interconnections among the custom modules, the overall system architecture is depicted
in Figure 10. This diagram outlines the integration of the SlimNeck, MCA, and MPDIoU
components within the base network, highlighting their roles in feature fusion, attention mod-
ulation, and loss refinement. Each module is designed to operate independently yet cohesively,
enabling scalable improvements with minimal disruption to the backbone structure.

-

Figure 10. Modular enhanced detection framework based on YOLOVS.

3.2.4. Model Accuracy Analysis

To evaluate the effectiveness of the improved YOLOv8 model [46], this study adopts
standard object detection evaluation metrics along with loss-based analysis methods. By
analyzing the confusion matrix and loss curves, the model’s behavior regarding false
positives, false negatives, and overall detection performance is thoroughly examined.

Additionally, a horizontal comparison is conducted among the improved YOLOVS,
the original YOLOvS, YOLOvVS5, YOLOv11, Faster R-CNN, and SSD models. YOLOv11 is
included only as a baseline reference, and no component-level integration is performed
since the proposed SlimNeck, MCA, and MPDIoU modules were specifically designed
and optimized for YOLOv8’s modular and lightweight architecture. Due to architectural
differences, applying these components to YOLOv11 would require significant structural
adjustments and was therefore beyond the scope of this work. Among other YOLO
series, YOLOv6 and YOLOv7 were excluded due to the lack of stable officially maintained
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implementations. YOLOv12 and later versions were not considered as they were not
released or documented during the experimental phase.

The evaluation metrics include precision, recall, average precision (AP), and mean
average precision (mAP). These metrics are computed as the area under the precision—recall
curve and are used to comprehensively reflect the model’s classification and localization
accuracy. Furthermore, model size is also considered to evaluate the efficiency of different
models in terms of storage and deployment.

Precision measures the proportion of correctly predicted positive samples among all
predicted positives, reflecting the model’s ability to avoid false alarms:

TP

recision TP+ EP

(19)
where TPs (true positives) are instances that were correctly classified as positive and
FPs (false positives) are instances that were incorrectly classified as positive. Recall mea-
sures the proportion of actual positive samples that are correctly identified, reflecting the

model’s sensitivity:
Recall = L (20)
TP+ FN
where F N (false negatives) are the instances that were incorrectly identified as negative by
the model even though they were actually positive. Average precision (AP) is defined as
the area under the precision—recall curve for a single class, which evaluates the trade-off

between precision and recall across various confidence thresholds:

AP = /0 Lo dr. @1)

where p(r) is the precision as a function of recall r.
Mean average precision (mAP) is the average of AP values over all object classes and
serves as a key indicator of overall detection performance:

1 N
AP = — ) AP, 22

where N is the number of object classes and AP; is the average precision for the i-th class.

By comparing loss values, confusion matrix distributions, and the aforementioned
metrics, this study systematically evaluates the effectiveness of the proposed improvements
to the YOLOvVS8 model and validates its performance advantages over mainstream detection
models under consistent testing conditions.

4. Experiment

To validate the feasibility and effectiveness of the proposed gecko-inspired under-
ground cable inspection robot, two primary experiments were conducted: a kinematic
simulation experiment and a cable defect object detection experiment. Each experiment
aimed to evaluate a specific aspect of the robot’s functionality—its locomotion mechanism
and its defect recognition capabilities, respectively.

4.1. Kinematic Simulation Experiment

This experiment focused on verifying the accuracy and adaptability of the robot’s
motion control based on the established Denavit-Hartenberg (D-H) kinematic model.
Using MATLAB and ADAMS, forward and inverse kinematic solutions were simulated to
determine the robot’s ability to reach target foot positions and maintain stability during
crawling movements. The simulation procedure was carried out as follows:
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The 3D model of the robot’s right hind leg was imported into ADAMS in .x_t format.
Material properties were assigned to each component, and appropriate joint constraints
and motion drivers were applied to the relevant joints. The simulation parameters [47,48]
are listed in Table 2 below.

Table 2. Contact parameters between foot and ground.

Parameter Value Unit
Stiffness 2855 N/mm
Force Exponent 15 -
Damping 5 N-s/mm
Penetration Depth 0.1 mm
Static Friction Coefficient 0.8 -
Dynamic Friction 06 _
Coefficient :
Friction Transition Velocity 1 mm/s
Stiction Transition Velocity 10 mm/s

In MATLAB R2023b, trajectory planning and kinematic modeling were performed.
The joint position curves during leg motion were computed and exported in text format.
The computed joint trajectories were then imported into ADAMS. The CUBSPL function was
used to perform cubic spline interpolation on the data, converting it into smooth position
curves that were subsequently used as motion drivers for the corresponding joints. Then,
an observation point was placed at the foot-end center to monitor the resulting motion.

After setting the simulation parameters, time, and step size, the observation point

is placed at the center of the foot end to better visualize the motion trajectory. Therefore,
in Equations (13) and (14), px = 0 and p,o = 0. The simulation is then executed. Af-
ter completion, the motion trajectories of the observation point are exported, as shown
in Figure 11.

Figure 11. Simulated foot trajectory of the motion cycle: (a) t=0s, (b)t=1s,(c)t=2s,and (d) t=4s.

The figures above show the overall motion trajectory of the robot’s right hind leg. We
can observe that the simulated trajectory closely matches the planned foot-end trajectory
P (as shown in Figure 12), forming a semi-circular closed loop. Next, we further verify
whether the actual trajectory fully coincides with the planned trajectory P.
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Figure 12. Planned foot-end trajectory P for the robot’s right hind leg.

As shown in Figure 13, the motion trajectory of the foot end in the X, Y, and Z
directions is presented. The position in the X direction remains constant throughout the
cycle, forming a straight line that aligns with the expected plan. In the Y-direction, the
foot-end position increases from 0 mm to 68 mm during the first half of the cycle (0-25s),
then returns from 68 mm to 0 mm during the second half (2—4 s). The total range of motion is
68 mm, which matches the stride length S. In the Z-direction, the foot-end position changes
from 0mm to 20 mm during the first quarter of the cycle (0-1s), returns to 0 mm in the
second quarter (1-2s), and remains constant during the remaining half. The peak-to-valley
distance of 20 mm matches the leg lift height H.
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Figure 13. Variations in foot-end position in three directions.

In conclusion, the motion trajectories in all three directions meet the expected design,
confirming that the actual motion trajectory coincides with the planned trajectory P.

Figure 14 illustrates the joint angle variations in a complete motion cycle. It can be
observed that the motion of each joint exhibits continuous and smooth trends, satisfying
the kinematic requirements of the zero-impact trajectory.
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Figure 14. Joint angle trajectories over a complete motion cycle.

4.2. Cable Defect Identification Model Experiment

After the collection and organization of the cable defect data were completed, the
model training process was officially initiated. The training and evaluation of the model
in this study were conducted on the following hardware and software platforms. The
hardware setup includes an Intel i7-11700 CPU (4 cores, 8 threads), an NVIDIA (Santa
Clara, CA, USA) GeForce RTX 4080 GPU, and 24 GB of RAM, which provides sufficient
computational power for large-scale image data and high-precision detection tasks. The
software environment is based on the Linux-Ubuntu 20.04 operating system, with Py-
Torch 1.11 as the deep learning framework, supported by CUDA 11.3, cuDNN 8.0.4, and
OpenCV 4.6.0.6. PyCharm (Community Edition 2024.1.7) was used as the integrated
development environment (IDE).

The specific training hyperparameters used in this study are summarized in Table 3.
All models were trained and evaluated under the same experimental settings.

Table 3. Training hyperparameters used in this study.

Parameter Value
Epochs 200
Batch Size 16
Momentum 0.937
Initial Learning Rate 0.01
Learning Rate Schedule Dynamic
Weight Decay 0.0005
Optimizer SGD

During training, the model’s performance was evaluated by predicting the test set.
Figure 15 illustrates the loss curves for both the training set and the validation set over
200 epochs. As shown in the figure, both the training loss and validation loss exhibit a clear
downward trend as the number of epochs increases, indicating effective learning by the
model. Initially, the loss values are relatively high, but they decrease rapidly during the
early epochs, reflecting a steep learning phase. After approximately 50 epochs, the rate of
decrease slows, and the curves begin to converge gradually.
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Figure 15. Loss curves during model training and validation.

Throughout the training process, the validation loss remains consistently lower than
the training loss, which suggests that the model generalizes well to unseen data and does
not exhibit signs of overfitting. By the end of the training, both losses stabilized around
a low value, further indicating that the model had reached convergence and maintained
good performance across both datasets.

To thoroughly evaluate the model’s capability in identifying cable defects, a confusion
matrix was utilized as the primary performance assessment tool, as presented in Figure 16.
The confusion matrix provides detailed insights into classification performance using four
essential indicators: true positive (TP), true negative (TN), false positive (FP), and false

negative (FN).
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Figure 16. Confusion matrix for cable defect classification.

According to the figure, the model correctly identifies 97% of actual defects (TP = 0.97)
and all background instances (TN = 1.00), with no false positives (FP = 0.00) and only
a 3% false negative rate (FN = 0.03). These results indicate that the model achieves
high accuracy and strong robustness in distinguishing cable defects from the background.
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The nearly perfect classification performance demonstrates the model’s reliability and
effectiveness in defect detection, offering valuable guidance for further optimization and
practical deployment capability.

The P-R curve provides an intuitive representation of the trade-off between preci-
sion and recall under different confidence thresholds by comparing YOLOv5, YOLOVS,
YOLOV11, and the improved YOLOVS, as illustrated in Figure 17. It effectively highlights
the overall effectiveness and performance differences of each model in multi-category
defect identification tasks.

1.0
0.8
(=] 06 B
R=
04t
Yolov5
Yolov8
02 Improved Yolov8
Yolovll
OO 1 1 1 1
0.0 0.2 0.4 0.6 0.8 1.0

Recall

Figure 17. Precision—recall curve for cable defect detection for YOLOv5, YOLOvVS, improved YOLOVS,
and YOLOv11.

Furthermore, Figure 18 visualizes the prediction results of YOLOv5, YOLOVS,
YOLOv11, and the improved YOLOVS. Defect locations are highlighted with red bounding
boxes, along with the corresponding prediction confidence. These results highlight the
improved model’s superior overall prediction efficacy.

The improved model generates more accurate and consistent detections, with higher
confidence scores and more precise localization. Additionally, some unclear or low-
confidence predictions in other YOLO models are better resolved in the improved version,
demonstrating enhanced feature extraction and classification capability.

Figure 19 presents the performance comparison of four object detection models for cable
defect detection. Among them, YOLOvV5 shows comparatively lower performance across all
the evaluated metrics, implying a higher tendency for false positives and false negatives. The
original YOLOvV8 demonstrates marked improvements in both precision and recall, resulting
in better overall detection accuracy. The improved YOLOv8 model further enhances this
performance, achieving superior balance and robustness. In contrast, YOLOv11 maintains
relatively high recall but shows a decline in precision and overall F;-score, indicating potential
weaknesses in suppressing false detections. Overall, the improved YOLOVS outperforms the
other models in terms of comprehensive detection capability.
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Figure 18. Comparison of detection results for cable defects: (a) YOLOV5, (b) YOLOVS, (c) improved
YOLOVS, and (d) YOLOv11.

Fl-score

0.8

Recall

0.6

0.4 4
Precision

0.2

! 0‘5‘\ ; é_cﬂﬂ SSID

Figure 19. Detection performance comparison for cable defects across different algorithms.

Table 4 provides a comprehensive comparison of the object detection models in
terms of accuracy, model complexity, and inference performance. The proposed YOLOvS-
Improved model achieves the highest F1-score (0.933), indicating strong overall detection
performance. In addition, it maintains a compact model size (5.78 MB), slightly smaller than
YOLOVS (5.95 MB) and YOLOvV11 (5.24 MB), while delivering the fastest inference speed
among all the models tested (82.1 FPS). Compared to SSD (65.3 FPS) and Faster R-CNN
(59.8 EPS), the improved model exhibits better real-time capabilities without compromising
accuracy. These results confirm the effectiveness of the proposed modifications in achieving
both high precision and practical deployment efficiency.

To evaluate the individual contributions of each proposed module, an ablation study
was conducted by integrating SlimNeck, multidimensional coordinate attention (MCA),
and the refined MPDIoU loss into the baseline YOLOv8 model separately. The performance
metrics are summarized in Table 5.



Electronics 2025, 14, 3142 24 of 27
Table 4. Performance comparison of object detection models.

Model Precision  Recall = F1-Score Model Size (MB) FPS
YOLOvV5 0.728 0.875 0.795 5.03 70.2
YOLOV8 0.895 0.923 0.909 5.95 76.6

YOLOvS8-Improved 0.900 0.970 0.933 5.78 82.1
YOLOv11 0.802 0.916 0.855 524 74.7
Faster R-CNN 0.899 0.827 0.860 108.9 59.8
SSD 0.877 0.807 0.840 90.6 65.3

Table 5. Ablation study results of YOLOvVS variants across key performance metrics.

Model Precision = Recall = F1-Score Model Size (MB) FPS
YOLOvV8 0.895 0.923 0.909 5.95 76.6
YOLOvS8-Slimneck 0.898 0.888 0.9061 5.75 80.6
YOLOv8-MCA 0.896 0.932 0.9240 5.96 77.2
YOLOvV8-MPDIoU 0.895 0.965 0.9189 5.95 78.3

Compared to the baseline, YOLOv8-SlimNeck exhibits a notable improvement in
inference speed (80.6 FPS vs. 76.6 FPS) and a reduction in model size (5.75 MB vs. 5.95 MB),
indicating advantages in deployment efficiency. However, its recall drops (0.888 vs. 0.923),
suggesting that excessive lightweighting may lead to missed detections. YOLOv8-MCA
achieves a balanced performance between precision (0.896) and recall (0.932), resulting
in the highest F1-score (0.9240) among all the variants. This demonstrates the effective-
ness of the MCA mechanism in enhancing spatial and channel feature attention. Its FPS
also slightly increases to 77.2, showing that the module improves performance without
incurring significant computational cost. YOLOv8-MPDIoU improves recall substantially
(0.965 vs. 0.923) while maintaining comparable precision and model size. The Fl-score
increases to 0.9189, and FPS reaches 78.3, indicating that the refined loss function enhances
bounding box regression and robustness.

In summary, each module contributes unique strengths: SlimNeck optimizes speed
and compactness, MCA enhances robustness and detection performance, and MPDIoU
improves localization accuracy. These results validate the effectiveness and practicality of
the proposed improvements.

5. Conclusions

This study proposes a novel gecko-inspired quadruped robotic system integrated
with a lightweight modular visual inspection framework for the intelligent detection
of underground cable defects. Drawing inspiration from the gecko’s flexible spine and
articulated limb mechanics, the robot is capable of navigating narrow, uneven, and confined
tunnel environments with improved adaptability, stability, and terrain compliance. The
robot’s locomotion control is modeled analytically using the Denavit-Hartenberg (D-H)
approach, and its performance is validated through zero-impact foot trajectory planning
and kinematic simulation, confirming its motion accuracy and gait smoothness.

To tackle the challenges associated with detecting subtle and fine-grained cable sur-
face defects such as insulation aging, micro-cracks, and contamination, we propose an
enhanced YOLOVS detection model. The framework incorporates three key components:
a SlimNeck module for efficient feature fusion, a multidimensional coordinate attention
(MCA) mechanism for spatial-channel refinement, and a Minimum Point Distance loU
(MPDIoU) loss function for precise object localization. In addition, a suite of data aug-
mentation techniques—including brightness variation, noise injection, and occlusion simu-
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lation—were employed to enhance model generalization and robustness under complex
underground conditions.

Extensive experimental evaluations demonstrate that the proposed system achieves
superior performance in defect detection accuracy, recall, and F;-score when compared to
the YOLOvVS5, YOLOv11, SSD, and Faster R-CNN models. These improvements validate the
effectiveness of the model enhancements and affirm the feasibility of deploying the system
in real-world inspection tasks for power infrastructure.

This work exemplifies the promising synergy between biomimetic mechanical design
and deep learning-based visual perception. At the current stage, the system has been evalu-
ated through a detailed kinematic simulation, which validates the robot’s motion planning,
coordination, and adaptability in pipeline-like environments. Looking forward, future efforts
will focus on building a physical prototype and conducting real-world tests to verify the
system’s robustness under practical conditions. In addition, the integration of autonomous
decision-making, real-time terrain adaptation, and multi-sensor fusion will be explored to
further enhance the robot’s autonomy and environmental awareness. Ultimately, this research
lays a solid foundation for developing next-generation inspection robots capable of safe,
efficient, and intelligent operations in complex industrial environments.
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