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Abstract

This paper presents the design and experimental evaluation of a bio-inspired gecko robot,
focusing on mechanical design, vision-based obstacle perception, and rhythmic locomotion
control as enabling technologies for future obstacle avoidance in complex environments.
The robot features a 17-degrees-of-freedom mechanical structure with a flexible spine and
multi-jointed limbs, providing a physical basis for adaptive locomotion. For perception, a
custom obstacle detection dataset was constructed from the robot’s onboard camera view
and used to train a YOLOv5-based detection model. Experimental results show that the
trained model achieves a mean average precision (mAP) of 0.979 and a maximum F1-score
of 0.97 at an optimal confidence threshold, demonstrating reliable real-time obstacle percep-
tion under diverse indoor conditions. For motion control, a central pattern generator (CPG)
based on Hopf oscillators is implemented to generate rhythmic locomotion. Experimental
evaluations confirm stable diagonal gait generation, with coordinated joint trajectories
oscillating at 1 Hz. The flexible spine exhibits periodic lateral deflection with peak am-
plitudes of ±15°, ±10°, and ±8° across spinal joints, enhancing locomotion continuity and
turning capability. Physical robot experiments further demonstrate smooth straight-line
crawling enabled by the coupled limb–spine motion. While visual perception and CPG-
based locomotion are experimentally validated as independent subsystems, their real-time
closed-loop integration is not implemented in this study. Instead, this work establishes a
system-level framework and experimental baseline for future perception–motion coupling,
providing a foundation for closed-loop obstacle avoidance and autonomous navigation in
bio-inspired gecko robots.

Keywords: bio-inspired robotics; gecko robot; YOLOv5; CPG control; obstacle detection;
flexible spine

1. Introduction
Robots can replace humans to complete many highly repetitive and dangerous tasks,

ensuring the safety of life and property while ensuring the smooth completion of tasks
and reducing operating costs [1]. Since the 21st century, robotics has not only played a
crucial role in the industrial sector but has also gradually expanded into various fields,
including education, healthcare, smart homes, and other aspects of daily life. At the same
time, robots have also shown their irreplaceable role in special scenarios such as disaster
relief, spacecraft maintenance, and extraterrestrial exploration.
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However, the ability to move in complex terrain still faces significant challenges,
and traditional motion control systems are difficult to adapt to the needs of unstructured
environments. In high-altitude operations such as bridge safety inspections, high-rise
curtain wall cleaning, and large ship wall flaw detection, robots need to be able to attach to
vertical surfaces or even ceilings for barrier-free climbing, which is almost impossible for
ordinary ground robots [2].

In recent years, wall-climbing robots based on bionic adhesion and intelligent drive
have emerged as a research hotspot for special mobile robots. They have three-dimensional
motion capabilities and can autonomously attach and move on complex surfaces such
as slopes, vertical walls, and inverted ceilings. Their core value lies in replacing manual
labor with automated systems to perform high-risk tasks, such as nuclear power plant
inspections and high-rise building maintenance, which not only improves efficiency but
also significantly reduces the risk of falls and exposure to toxic environments.

As an important branch of the bionic field, the bio-inspired wall-climbing robot,
with the giant gecko as a typical biological prototype, has attracted widespread attention
due to its high adaptability and flexibility in complex environments. The van der Waals
adhesion mechanism of its feet, the coupling of bone topology optimization and movement
coordination mechanism, make it the largest known free-climbing organism. Research
has shown that geckos use the periodic lateral bending of the spine to cause flexion and
extension of the trunk in the sagittal plane, and coordinate the forward and backward
swings of the limbs to achieve greater movement speed [3]. It improves motion stability
and energy efficiency in complex wall environments, providing a highly adaptable solution
for scenarios such as high-altitude detection and disaster rescue.

However, it is still challenging for bio-inspired gecko robots to achieve autonomous
obstacle avoidance in complex environments due to limitations in real-time perception and
dynamic motion control. Although significant progress has been made in the independent
development of vision-based obstacle detection systems or bio-inspired motion controllers,
their integration into a unified framework for gecko robots has not yet been fully achieved.
This research gap provides an opportunity to combine state-of-the-art computer vision
techniques with bionic control strategies to advance the field. Accordingly, the core research
problem addressed in this study is not solely detection accuracy or locomotion stability,
but the system-level formulation of a perception–motion integration framework suitable
for gecko-inspired climbing robots.

2. Literature Review
This section provides a comprehensive survey of existing research relevant to bio-

inspired climbing robots, with a focus on three key areas: bio-inspired gecko robots,
biomimetic locomotion control, and vision-based obstacle avoidance.

2.1. Bio-Inspired Gecko Robots

The RiSE project conducted early systematic research on bio-inspired wall-climbing
robots [4]. Boston Dynamics developed multiple RiSE robot generations featuring six-
legged claw-based designs and progressively improved stability and climbing performance
on rough vertical surfaces [5]. The Stickybot series developed by Stanford University
demonstrated gecko-inspired vertical climbing with improved speed, but adhesion stability
on inverted surfaces remains limited [6–8]. Ji Aihong’s team developed quadruped and
six-legged claw-based wall-climbing robots, demonstrating stable adhesion and omnidirec-
tional locomotion on rough surfaces [9,10]. In 2020, Johanna et al. from the University of
the Sunshine Coast in Australia developed a modular gecko-like robot X4 [11]. The robot
foot end uses a claw lock to ensure gripping on the moving surface.
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2.2. Flexible Spine in Legged Robots

Flexible spine mechanisms have been widely explored to enhance locomotion perfor-
mance in bio-inspired robots. In 2012, Zhao Qian’s team developed Kitty, a quadruped robot
with a silicone–plastic flexible spine that improved motion agility [12]. In the same year,
MIT introduced the Cheetah robot, which achieved enhanced dynamic running through
spine–hind leg coupling [13]. In 2013, the modular Salamandra Robotica developed at
EPFL combined an actively driven flexible spine with legged locomotion for amphibious
movement [14], while the Pleurobot further optimized multi-chain spine–limb coordination
with high-degree-of-freedom design [15]. More recently, NUAA proposed gecko-inspired
robots with high-DOF legs and flexible spines, including the Slalom robot [16] and a shape-
memory-alloy-driven design, further advancing spine-enabled gecko locomotion. In 2024,
Paul et al. designed a bio-inspired robot LORIS, with a degree of longitudinal bending
freedom that can crawl on uneven ground [17].

2.3. Motion Control Strategy of Bio-Inspired Gecko Robot

Throughout biological evolution, animals have developed specialized morphological
structures and locomotion mechanisms to adapt to diverse environments [18–20]. Among
them, climbing species such as geckos exhibit remarkable adhesion and locomotion capa-
bilities, providing valuable inspiration for bio-inspired robotic design [21,22]. Bio-inspired
robotic locomotion requires coordinated control of multiple joints and degrees of freedom,
which has been addressed through hierarchical, hybrid, neural, and learning-based control
strategies [23]. From early sensor-integrated architectures [24,25] to CNN-based parallel
control [26,27] and recent deep reinforcement learning methods, modern systems increas-
ingly rely on multimodal sensing for adaptive locomotion. CPG-based control has been
shown to effectively generate stable gecko-inspired climbing gaits, as demonstrated by
Kim et al. in the Stickybot robot [28]. Cai et al. proposed a motion control method for
a gecko-like robot based on a central pattern generator (CPG). CPG uses the Matsuoka
oscillator model to generate rhythmic signals through a mutually inhibiting neuronal net-
work to simulate the periodicity of biological motion [29]. In 2019, Arthicha, Shao et al.
proposed a multi-gait generation and adaptation algorithm for a gecko-like robot based on
neural control, which enabled the robot to climb efficiently on different slopes through a
central pattern generator (CPG) and dynamic feedback [30]. The control consists of three
main components: a central pattern generator (CPG) for generating various rhythmic pat-
terns, CPG post-processing for shaping the CPG signals, and a delay line for transmitting
the shaped CPG signals to drive the legs of the gecko robot [30]. Pei et al. proposed a
bio-inspired adaptive control strategy for gecko-like robots in space stations, combining
rigid-flexible coupling and real-time force feedback. The system dynamically adjusts the
impedance parameters to enable stable climbing, compliant detachment, and disturbance
rejection in microgravity, demonstrating precise motion control and robust performance
for space applications [31]. In 2023, Sun proposed a self-organizing gait control method
based on distributed local CPG and adaptive feedback. This method achieves fast, robust
and repeatable self-organizing gait generation through physical and neural communication
mechanisms and has gait memory capabilities [32]. In 2025, Zhu et al. proposed a torso-leg
coordinated motion control method based on parallel mechanism. This study adopted the
model-driven control idea and regarded the active torso as the core coordination unit in
the robot motion system [33].
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2.4. YOLOv5 in Obstacle Avoidance Robots

YOLOv5 is designed based on the procedures. As a computer vision model for object
detection that is built upon the YOLO series [34]. YOLOv5 includes several architectural
improvements for simultaneously enhancing speed and accuracy [35,36].

Wang et al. proposed a more effective obstacle avoidance method for autonomous
driving based on the YOLOv5 monocular vision system. The study used the YOLOv5
model to detect obstacles and landmarks in the environment in real time, including vehicles,
pedestrians, traffic lights, etc., identify objects of different sizes and angles, and provide
accurate obstacle avoidance decision input [37]. Yang et al. proposed a visual SLAM
algorithm based on YOLOv5 to recognize environmental images, distinguish dynamic
targets in the scene, eliminate their dynamic feature points, and then use the remaining
static feature points for adversarial geometric constraints to improve the accuracy of the
system [38]. In 2024, Liu et al. introduced a YOLOv5 algorithm based on the attention
mechanism to enhance the expression ability of small target channel features and spatial
features, thereby realizing dynamic obstacle avoidance in robot navigation control [39].
In 2024, Ndidiamaka Adiuku et al. proposed integrating YOLOv5 into the ROS navigation
stack, converting detection results into laser scanning data through the OAK-D camera to
optimize dynamic obstacle avoidance [40]. In 2025, Abood et al. proposed a lightweight
target detection method based on YOLOv5, which is suitable for resource-constrained robot
platforms [41].

2.5. Related Work

Significant progress has been achieved in the development of bio-inspired climbing
robots over the past two decades. Early representative systems such as RiSE and Stickybot
demonstrated the feasibility of gecko-inspired adhesion and wall-climbing mechanisms
through bio-mimetic structural design and claw-based attachment strategies. Subsequent re-
search further improved locomotion stability, structural flexibility, and actuation efficiency,
enabling robots to achieve vertical and even inverted climbing on rough surfaces. More re-
cent studies have incorporated flexible spines, multi-degree-of-freedom limbs, and modular
architectures to enhance maneuverability and adaptability in unstructured environments.
However, most of these works primarily focus on mechanical design and locomotion con-
trol, with limited integration of environmental perception for adaptive decision-making.

In parallel, vision-based obstacle detection has advanced rapidly with the develop-
ment of deep learning–based object detection algorithms. One-stage detectors such as the
YOLO series have achieved real-time performance with high detection accuracy, making
them widely adopted in mobile robotic navigation systems. These models have been
successfully deployed in ground vehicles and wheeled robots operating in structured envi-
ronments. Nevertheless, existing applications are predominantly designed for horizontally
moving platforms and do not specifically address the sensing characteristics and viewpoint
constraints of gecko-inspired climbing robots, which operate under varying orientations,
lighting conditions, and surface geometries.

Regarding locomotion control, Central Pattern Generator (CPG)–based approaches
have been widely applied in bio-inspired robotics due to their ability to produce stable
and coordinated rhythmic gaits. Hopf oscillator–based CPG models, in particular, offer
smooth trajectory generation and parameter modulation capabilities. Although CPG-based
controllers enable robust gait generation, they are typically designed as open-loop or
predefined rhythmic systems. The coupling between high-level visual perception and
low-level rhythmic motion generation remains insufficiently explored, especially in the
context of climbing robots operating in complex environments.
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Overall, while substantial advancements have been made in (1) bio-inspired climb-
ing mechanisms, (2) deep learning–based visual detection, and (3) rhythmic locomotion
control, these components are often investigated independently. A systematic framework
that bridges robot-centric visual perception with CPG-based locomotion control for gecko-
inspired robots in complex climbing environments is still lacking. Addressing this gap
requires a system-level perspective that considers mechanical design, perception, and mo-
tion control as coordinated elements rather than isolated modules.

2.6. Research Gaps and Contribution Summary

Although substantial progress has been made in climbing robot mechanics, vision-
based detection, and CPG-based locomotion control, these components are often investi-
gated independently. A systematic framework that integrates robot-centric perception with
rhythmic locomotion generation for gecko-inspired robots in complex climbing environ-
ments remains insufficiently explored.

Most existing studies on bionic gecko robots primarily focus on mechanical structure,
adhesion mechanisms, and locomotion control, while obstacle perception and autonomous
interaction with complex environments are relatively less explored. In parallel, vision-based
obstacle avoidance methods have achieved remarkable success in ground mobile robot
navigation systems; however, their application in bionic gecko robots is still almost blank.

Although more advanced deep learning models with higher benchmark accuracy
have been proposed in recent years, their deployment on mobile robotic platforms remains
challenging due to high computational cost, memory consumption, and inference latency.

In the context of gecko-inspired climbing robots, onboard computing resources are
limited, and real-time perception is essential for future closed-loop control. Therefore,
the objective of visual perception in this study is not to achieve state-of-the-art detec-
tion accuracy, but to provide reliable and low-latency obstacle information suitable for
system integration.

YOLOv5 is selected due to its favorable trade-off between detection accuracy and
real-time performance, its lightweight network variants, and its mature engineering ecosys-
tem. Moreover, its simple output structure facilitates direct coupling with motion control
modules, which is critical for perception–motion integration.

Furthermore, most existing studies focus on horizontal, structured, and relatively
stable ground environments, whereas bionic gecko robots typically operate in complex
and unstructured climbing scenes. These environments are often characterized by variable
illumination conditions, diverse surface roughness, and irregular obstacle distributions.

Most YOLO-based obstacle avoidance research concentrates on detecting ground
targets such as vehicles and pedestrians, and dedicated datasets or perception strategies
for gecko robot working environments are still lacking. As a result, current perception
models are not well adapted to the visual perspective and environmental characteristics of
climbing robots.

In addition, there is a notable lack of effective integration between YOLO-based
visual perception modules and bionic gecko robot motion control systems. Most existing
works investigate visual perception or locomotion control independently, while few studies
establish an explicit mapping between visual obstacle information and rhythmic motion
generation mechanisms such as central pattern generators (CPGs). As a result, perception–
motion closed-loop integration for gecko-like robots in complex climbing environments
remains largely unexplored.
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Although CPGs and other biologically inspired neural control methods have been
widely used to generate rhythmic locomotion in gecko robots, they are rarely linked in real
time with external visual feedback mechanisms. This limitation reduces the adaptability of
gecko robots when operating in unknown or obstacle-intensive environments and restricts
their practical deployment in scenarios such as high-altitude inspection and disaster rescue.

To address these gaps, this paper focuses on the system-level framework and enabling
technologies required for perception–motion integration. Rather than treating mechanical
design, vision perception, and motion control as isolated modules, this work emphasizes
their coordinated design and interaction.

To clearly position this work within the existing literature, the main contributions are
summarized as follows: The main scientific contributions of this paper are summarized
as follows:

• A bio-inspired gecko robot system is designed, integrating mechanical structure,
vision-based perception, and rhythmic locomotion control, providing a system frame-
work toward obstacle avoidance in complex climbing environments.

• A vision-based obstacle detection framework is developed using a custom dataset
collected from the robot’s onboard camera, addressing the lack of perception models
tailored to gecko-like climbing robots.

• A Central Pattern Generator (CPG) control strategy based on Hopf oscillators is
implemented to generate stable diagonal gaits and coordinated flexible-spine motions,
enabling smooth and adaptive locomotion at the subsystem level.

• A qualitative perception–locomotion coupling framework is formulated, in which
visual obstacle information is conceptually mapped to the modulation of CPG pa-
rameters, providing a biologically inspired pathway toward future closed-loop au-
tonomous navigation.

• Extensive experimental evaluations are conducted, including detection perfor-
mance analysis and physical robot experiments, to validate the effectiveness of the
proposed subsystems.

It should be noted that this study focuses on the development and experimental valida-
tion of the core components required for obstacle avoidance, namely visual perception and
CPG-based locomotion generation. The full closed-loop integration between perception,
decision-making, and motion execution is presented as a conceptual framework and will
be realized in future work.

3. Methodology
This section presents the systematic approach adopted in this study to develop a

bio-inspired gecko robot capable of obstacle avoidance framework in complex environ-
ments. The methodology integrates three key components: mechanical design, vision-based
perception, and motion control.

3.1. Design of Robot System

This section describes the overall mechanical design of the gecko-inspired robot, which
provides the physical basis for implementing rhythmic locomotion and obstacle avoidance.
The design includes the structure of the limbs and body, a flexible spine mechanism, and a
simplified kinematic model. The first part focuses on the layout and degrees of freedom of
the robot’s legs and torso. Then, a flexible spine is introduced to enhance body mobility,
allowing the robot to perform bending motions that assist in turning and climbing. Lastly,
a basic kinematic model of a single leg is presented to support the later development of
control and motion planning.
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3.1.1. Mechanical Structure Design of Limbs and Body

Based on the biomechanical analysis of geckos, a 3D model of the gecko robot will be
designed in the SolidWorks 2024 software.

The front and rear legs of the gecko-like robot use the same mechanical structure. Each
leg is designed with a series linkage mechanism and contains three motion joints with three
degrees of rotational freedom.

The overall layout and geometric proportions of the gecko-like robot designed in this
paper closely resemble the body features of a gecko (see Figure 1). The entire robot has
17 degrees of freedom (3 degrees of freedom for each leg and 5 degrees of freedom for the
flexible spine). The figure shows the robot in a crawling posture. The total body length of
the gecko-like robot is 650 mm, the width is 320 mm in crawling posture, and the height
is 52 mm. The length of the robot spine is 200 mm. The front end of the flexible spine is
connected to the shoulder belt, and the rear end is connected to the pelvic belt, which is
responsible for connecting with the head and tail of the gecko robot.

Figure 1. Robot legs and overall structural design.

3.1.2. Structural Design of Flexible Spine

The robot spine design includes three lateral swing degrees of freedom and two lon-
gitudinal swing degrees of freedom. As shown in Figure 2a, motors 1, 3, and 5 control
the change of the horizontal lateral swing angle between the spine modules. The connect-
ing parts between the motors are regarded as connecting rods, and the motor shafts are
perpendicular to the horizontal plane where the flexible spine is located. Two motors for
controlling longitudinal swing are added between the three motors for controlling lateral
swing, as shown in Figure 2b, namely motor 2 and motor 4, and the shafts of these two
motors are parallel to the horizontal plane where the flexible spine is located. The modular
serial flexible spine can swing sideways in the horizontal plane and bend in the vertical
plane. The length of the robot spine is 200 mm. The front end of the flexible spine is
connected to the shoulder belt, and the rear end is connected to the pelvic belt, which is
responsible for connecting with the head and tail of the gecko robot.
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Motor No.1 Motor No.3 Motor No.5

(a)

Motor No.2 Motor No.4

(b)

Figure 2. Structural Design of Flexible Spine. (a) the motor that controls the lateral swing; (b) the
motor that controls the longitudinal swing.

3.1.3. Kinematic Model of a Single-Leg Robot

The kinematic analysis of this study is mainly based on forward kinematics, which
verifies the motion coordination of the flexible spine and leg mechanism. The forward
kinematic analysis of the robot’s leg mechanism begins with establishing coordinate systems
for each joint according to the D-H convention. As shown in Figure 3, the leg consists
of three revolute joints with axes arranged to mimic biological gecko limbs. The robot’s
leg mechanism base coordinate system is located at the connection between the shoulder
joint motor and the robot’s body trunk. The foot tip mass p is located at the center of the
sole of the foot. The three rotation joints of each leg of the robot are represented by j1, j2,
and j3, respectively. The angle variables corresponding to each joint are represented by θ1,
θ2, and θ3. The length of the connecting rod between the shoulder joint and the knee joint is
l1, the length of the connecting rod between the knee joint and the ankle joint is l2, and the
length of the connecting rod between the ankle joint and the foot end is l3 (l1 = 22 mm,
l2 = 36 mm, l3 = 28 mm).

z4 𝑦4
𝑥4

𝜃2

z2 𝑦2

𝑥2 𝑗3

𝑗2

𝑗1 𝑙1

𝑙2 𝑙3
𝑧0

𝑦1

𝜃1𝑧1

𝑜2

𝑥1

𝑥0

𝑦0

𝑜4𝑜0
𝑜1

Figure 3. Coordinate system of robot’s leg mechanism.

The D-H parameters are determined on the basis of the structural parameters of the
single leg of the robot, as shown in Table 1.

The transformation matrix of the robot foot end coordinate system 0
4T relative to the

leg mechanism base coordinate system is:

0
4T = 0

1T
1
2T

2
3T

3
4T, (1)

where i
jT denotes the homogeneous transformation matrix from frame j to frame i.
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Table 1. D-H parameter table of the robot leg mechanism.

j θi (rad) αi−1 (rad) ai−1 (mm) di (mm)

1 θ1 π/2 0 0
2 θ2 π/2 l1 0
3 θ3 0 l2 0
4 θ4 0 0 −l3

The transformation matrix between every two adjacent coordinate systems is:

0
1T =


cos θ1 − sin θ1 0 0

0 0 −1 0
cos θ1 sin θ1 0 0

0 0 0 1

, 1
2T =


cos θ2 − sin θ2 0 l1

0 0 1 0
− sin θ2 − cos θ2 0 0

0 0 0 1

,

2
3T =


cos θ3 − sin θ3 0 l2
sin θ3 cos θ3 0 0

0 0 1 0
0 0 0 1

, 3
4T =


1 0 0 0
0 1 0 0
0 0 1 −l3
0 0 0 1

,

(2)

According to the above formula, the transformation matrix of the robot foot end coordinate
system 0

4T relative to the leg mechanism base coordinate system is:

0
4T =


r11 r12 r13 px

r21 r22 r23 py

r31 r32 r33 pz

0 0 0 1

, (3)

The position vector of the foot end mass point wp relative to the leg mechanism base
coordinate system is:

wp =

 l1cosθ1 + l3sinθ1 + l2cosθ1cosθ2

l2sinθ2

l1sinθ1 − l3cosθ1 + l2cosθ2sinθ1

. (4)

The above formula can be used to obtain the correct solution for the single-leg kine-
matics of the gecko-like robot. If the joint angle variables of the robot leg mechanism at a
certain moment are known, the pose transformation matrix of the robot foot end coordinate
system relative to the leg mechanism base coordinate system can be obtained through
Equation (4) and the D-H parameter, and the position and posture of the foot end mass
point in the global coordinate system can be derived. Through forward kinematics, the leg
working space of the gecko-like robot can be obtained.

3.2. Vision-Based Obstacle Detection

This section describes the development and implementation of a real-time visual
perception system based on the YOLOv5 object detection framework. A custom obstacle
detection dataset is constructed from the robot’s onboard camera view and manually la-
beled. The section details the training procedures, and deployment process. The perception
module provides critical environmental awareness that enables the robot to dynamically
adapt its locomotion strategy to avoid obstacles.
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3.2.1. Dataset Collection

This study did not use any public datasets. Public benchmark datasets such as COCO
or Pascal VOC are primarily designed for ground mobile robots and general object detec-
tion tasks. Due to the unique visual perspective, climbing posture, and close-range obstacle
characteristics of gecko-inspired robots, these datasets are not directly applicable to the
scenario investigated in this study. Therefore, a dedicated dataset was collected to reflect
the robot’s actual operating conditions, including tilted camera viewpoints, uneven illumi-
nation, and environment-specific obstacles. The obstacle detection dataset was constructed
based on the actual motion perspective of the gecko robot. A wide-angle camera (Intel
RealSense Depth Camera D405, sourced from Intel in Cupertino, CA, USA) is installed on
the head of the robot to simulate the field of view of the gecko during movement. The robot
moved in a lab environment with multiple obstacles, capturing video footage in real time.
The video resolution is 1080 × 1080, and the frame rate is 25 fps. The original video is about
3 min long and covers static obstacles (such as chairs, tables, etc.).

Then, Python 3.13.1 was used to extract 1000 frames evenly from the specified video
and save them as high-quality JPG images. The specific extraction process is as follows:
The video file is opened through OpenCV to obtain basic information such as the total
number of frames, frame rate (FPS), and video duration. Then, the uniformly sampled
interval frame number is calculated based on the target frame number and the total number
of video frames. After that, the video is traversed frame by frame, and the qualified frames
are saved as sequentially numbered JPG images according to the calculated interval. When
the target frame number is reached or the video processing is completed, all images are
saved in a specified folder in the same directory as the video file with a quality setting of
90%. Some dataset images are shown in Figure 4.

Figure 4. Some dataset images.
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To improve clarity, additional details of the dataset construction and annotation
process have been added. The dataset was collected under indoor laboratory conditions
using the onboard camera mounted on the gecko robot. Video sequences were recorded
under different lighting conditions and viewing angles to increase scene diversity.

Frame extraction was performed at uniform intervals to avoid temporal redundancy.
All images were manually annotated using LabelImg in YOLO format, where each obstacle
instance was labeled with a bounding box and a predefined category label. To ensure
annotation consistency, all labeled samples were cross-checked, and ambiguous samples
were corrected or removed.

3.2.2. Dataset Annotation

The images were manually annotated using LabelImg, which is an open-source image
annotation tool that is mainly used to create labeled datasets for computer vision tasks
such as object detection. Obstacles were classified into eight categories. The entire dataset
has 2231 labels, and the number of labels for each category is shown in Table 2. Some
of the labeled data images are shown in Figure 5. And after obtaining the labeled data,
the dataset is divided into 80% for training, 10% for the validation set, and 10% for the test
set, respectively.

Figure 5. Some labeled images.

Table 2. Label Distribution Statistics.

Label Chair Door Cabinet Toolbox Desk Screen Guardrail Vehicle

Count 579 512 292 115 283 68 262 120

Percentage 25.9% 22.9% 13.1% 5.2% 12.7% 3.0% 11.7% 5.4%
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3.2.3. Model Training and Validation

This section describes the implementation process of the YOLOv5 model for obstacle
detection, including dataset preparation, model configuration, training, and deployment.
The overall workflow is illustrated in Figure 6.

Start
Dataset 

Collection

Dataset 

Annotation

Model 

Building

Model 

Training

Model 

Export

Model 

Application
Finish

Figure 6. YOLOv5 model building process.

After dataset collection and annotation, the YOLOv5 model was configured according
to the task requirements. Adjustments were made to the input image resolution and selected
hyperparameters to better adapt to the characteristics of the robot-centric obstacle detection
scenario. During training, appropriate loss functions, optimizers, and key hyperparameters
(e.g., learning rate, batch size, and number of epochs) were selected and iteratively tuned
to ensure stable convergence and effective feature learning.

After training, the model was exported to deployment-friendly formats such as ONNX
and TorchScript to facilitate cross-platform inference. The trained model was then inte-
grated into the gecko-inspired robotic system for real-time obstacle detection.

In this study, model suitability is evaluated from a system-level perspective rather
than pure benchmark accuracy. The perception module must satisfy several practical re-
quirements imposed by the gecko-inspired robotic platform, including real-time execution,
limited onboard computational resources, stable deployment, and compatibility with future
perception–motion coupling.

Although more recent state-of-the-art detection models may achieve higher benchmark
accuracy, their increased architectural complexity often results in higher computational
cost and inference latency. Under the hardware and integration constraints of the present
robotic platform, YOLOv5 provides a balanced trade-off between detection reliability,
computational efficiency, and deployment maturity. Therefore, it is selected as the per-
ception backbone in this work. Table 3 summarizes the relationship between the system
requirements and the capabilities of YOLOv5 under the current application scenario.

Table 3. System requirements and model selection rationale.

System Requirement Relevance to Gecko Robot YOLOv5 Capability

Real-time inference Required for timely perception and future
perception–motion coupling

Lightweight variants enable low-latency
inference suitable for real-time operation

Limited onboard
computation

Onboard processors impose strict
constraints on model size and complexity

Moderate parameter count and memory
footprint facilitate embedded deployment

Deployment stability Reliable long-term operation is required
for robotic experiments

Mature codebase and widely validated
engineering ecosystem

Interface compatibility
Perception outputs must be easily

integrated with locomotion control
modules

Simple and interpretable output structure
(bounding boxes, confidence scores)

Task-specific accuracy Accurate obstacle detection under
robot-centric viewpoints

High precision and recall achieved on a
custom dataset

3.3. CPG Control Implementation

The Central Pattern Generator (CPG) is an efficient bionic neural mechanism control
algorithm that controls the rhythmic movements of organisms such as walking, running,
and flying by simulating the oscillation signals generated by the central nervous system of
vertebrates [3]. The CPG control model is usually based on the following neural oscillators,
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such as the Matsuoka neural oscillator [42], the VanderPol oscillator [43], and the Hopf
oscillator [44], to build a network composed of multiple neural oscillatory units to achieve
coordination and control of the robot’s movement rhythm.

The Hopf oscillator was chosen as the central pattern generator (CPG) model because
it has smooth limit cycle behavior, tunable frequency/amplitude, and robustness to pertur-
bations, making it well suited for bio-inspired motion control. Its mathematical model is
as follows:

ẋ = α
(
µ − r2)− ωy

ẏ = α
(
µ − r2)+ ωx

, (5)

where x, y are the state variables of the oscillator, r2 = x2 + y2, α, µ, ω are model parameters,
which are related to the dynamic characteristics of the oscillator. Each parameter affects the
dynamic performance separately.

In order to form an effective quadruped gait in a robot, multiple Hopf oscillators need
to be connected to form a network through phase coupling terms, shown as Equation (6):

ϕ̇i = ωi + ∑
j

Kij sin
(

ϕj − ϕi − ϕoffset
ij

)
, (6)

where ϕi represents the current phase of the ith oscillator, Kij represents the coupling

strength with the adjacent oscillator j, and ϕ
o f f set
ij represents desired relative phase differ-

ence. By controlling ϕ
o f f set
ij , different gait patterns can be achieved (such as diagonal gait,

turning on the spot, etc.)
Then the oscillator state variables are mapped to the target angles of each joint of the

robot through a linear transformation, shown in Equation (7):

θi(t) = Ai · xi(t) + θbias , (7)

where θi(t) represents the target angle of the ith joint at time t, Ai represents the Oscillation
amplitude coefficient (amplification factor) of the ith joint, xi(t) represents the state variable
output of the i th Hopf oscillator at time t, θbias represents static offset angle, which is the
neutral position of the joint.

The CPG neural network built based on the Hopf oscillator supports continuous and
smooth periodic motion, and can easily control frequency, phase and amplitude to achieve
dynamic gait switching. It also has strong system stability and is suitable for tasks such as
bionic crawling, climbing, and turning.

3.4. System Architecture and Integration Framework

In the present study, the vision-based perception module and the CPG-based lo-
comotion controller are experimentally validated as independent subsystems. A fully
implemented real-time software interface enabling perception–motion closed-loop control
has not yet been realized. Therefore, this section focuses on the formulation of a unified sys-
tem architecture and an analysis of integration feasibility rather than reporting completed
closed-loop experiments. The proposed framework establishes a structured data flow from
perception to locomotion. Instead of directly transmitting high-dimensional visual fea-
tures, the perception module abstracts obstacle information into a set of low-dimensional,
robot-centric descriptors, such as obstacle direction and relative distance. This abstraction
strategy reduces interface complexity and enhances interpretability at the control level.

https://doi.org/10.3390/electronics15040882

https://doi.org/10.3390/electronics15040882


Electronics 2026, 15, 882 14 of 29

These compact descriptors are designed to modulate a limited number of CPG pa-
rameters, including oscillation amplitude, frequency, and phase offsets. By adopting
parameter-level coupling, the framework enables a biologically inspired and computation-
ally efficient pathway for perception–locomotion interaction, while avoiding tight coupling
between heterogeneous data representations.

From a dynamical systems perspective, the CPG controller operates as a continuous
oscillator network capable of maintaining stable rhythmic motion in the absence of external
updates. This inherent stability allows the perception module to function asynchronously
at a lower update frequency without introducing motion discontinuities or timing conflicts.
Such a modular and loosely coupled design enhances extensibility and reduces potential
synchronization risks in future closed-loop implementations.

Although real-time closed-loop validation and system-level debugging are beyond
the scope of this paper, the proposed architecture provides both a theoretical and practi-
cal foundation for future perception–decision–motion integration in bio-inspired gecko
robots. The present contribution lies in defining the interface principles, data abstrac-
tion strategy, and parameter-level coupling mechanism necessary for scalable obstacle
avoidance systems.

3.5. Obstacle-Aware CPG Parameter Modulation Strategy

To establish a structured connection between visual perception and rhythmic locomo-
tion, this study formulates an obstacle-aware parameter modulation strategy within the
Hopf- based CPG framework. The objective is to construct a transparent and interpretable
coupling mechanism that links obstacle perception outputs to locomotion parameters,
thereby validating the feasibility of perception–motion interaction at the parameter level.

In the proposed formulation, visual detection results are abstracted into two compact,
robot-centric descriptors: obstacle direction d ∈ {le f t, f ront, right} and relative proximity
ρ. This abstraction reduces high-dimensional perception data into low-dimensional control-
relevant variables, enabling simplified and stable interface design.

These descriptors modulate a limited set of CPG parameters, including oscillation
amplitude, frequency, and phase offset. The modulation rules are defined as follows:

Ai = A0 + kA · f (ρ), (8)

ω = ω0 · (1 − kω · f (ρ)), (9)

ϕ
o f f set
ij =


ϕ0 + ∆ϕ, d = le f t,

ϕ0 − ∆ϕ, d = right,

ϕ0, d = f ront,

(10)

where Ai denotes the oscillation amplitude of the i-th joint, ω represents the oscillation
frequency, and ϕ

o f f set
ij is the inter-oscillator phase offset. The normalized proximity function

is defined as:

f (ρ) = min
(

ρmax − ρ

ρmax
, 1

)
. (11)

Under this formulation, decreasing obstacle distance increases turning amplitude
while reducing oscillation frequency, effectively lowering locomotion speed near obstacles.
The direction variable determines the sign of phase offset adjustment, thereby inducing left
or right turning behavior within the rhythmic gait pattern.
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The proposed strategy adopts a deterministic rule-based mapping between percep-
tion descriptors and CPG parameters. This design prioritizes interpretability, parameter
transparency, and compatibility with the Hopf oscillator dynamics. It provides a struc-
turally consistent baseline for perception–motion coupling without introducing additional
optimization layers or high-dimensional policy representations.

It should be noted that the present formulation does not incorporate adaptive learning,
disturbance rejection control, or environment-dependent policy optimization. Real-time
closed-loop adjustment and robustness enhancement under dynamic uncertainties remain
important directions for future research. The current contribution lies in establishing a clear
and implementable parameter-level coupling mechanism that bridges perception outputs
with rhythmic locomotion control.

4. Experiments and Results
This section presents the experimental validation and performance evaluation of the

bio-inspired gecko robot system developed in this study.

4.1. Prototype Assembly

The connecting parts of the robot spine and limbs are made of resin material through
3D printing. The flexible spine and rigid modules of the robot limbs are fabricated using
resin-based 3D printing. The head and tail are made of artificial chemical fibers and fixed
to the shoulder strap and pelvic belt by adhesive, respectively. KSTDS589MG servomotors
(manufactured by KST Digital Technology Limited, Shenzhen, China) were used to drive
the limb joints. The hardware circuit board contained in the robot control system is arranged
on the flexible spine and fixed by studs. The entire experimental prototype of the gecko
robot weighs 620 g, and is 65 cm long and 32 cm wide. The robot prototype is shown in
Figure 7.

Figure 7. Assembled prototype of the bio-inspired gecko robot.

4.2. YOLOv5 Detection Performance

The model is trained using the training set. The model training uses the pre-trained
model as the basis, and the network is fine-tuned through transfer learning. The hyperpa-
rameters during the experiment are shown in Table 4.

To further analyze the robustness of the selected hyperparameters, we examined the
influence of key parameters on training stability and detection performance.
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Learning rate. The initial learning rate was set to 0.01. Increasing the learning rate
beyond this value resulted in noticeable oscillations in the training loss and reduced con-
vergence stability. Conversely, reducing the learning rate below 0.005 slowed convergence
and increased training time without yielding significant improvement in mAP. Therefore,
0.01 provides a balanced trade-off between convergence speed and stability.

Table 4. Hyperparameters of the network model.

Hyperparameter Description Experimental Value

Learning Rate Controls the step size of model parameter updates during optimization 0.01

Batch Size The number of samples processed in one forward/backward pass during training 16

Optimizer Algorithm used to update model weights (Adam combines Momentum and
RMSprop) Adam

Momentum Parameter that accelerates gradient descent in the relevant direction and dampens
oscillations 0.937

Epochs Complete passes through the entire training dataset during model training 100

Input Image Size Spatial dimensions (width × height) of input images after resizing 608 × 608

Pretrained Weights Initial model parameters trained on large datasets (COCO) for transfer learning yolov5l.pt

Batch size. A batch size of 16 was selected considering GPU memory constraints and
gradient stability. Increasing the batch size slightly improved gradient smoothness but
led to higher memory consumption and longer per-epoch training time. Reducing the
batch size below 8 introduced larger fluctuations in loss curves, which negatively affected
convergence stability.

Number of epochs. Training for fewer than 80 epochs resulted in incomplete con-
vergence and slightly lower mAP values. Increasing the number of epochs beyond
150 did not produce significant accuracy gains but increased training time, indicating
diminishing returns.

Input image size. The input resolution of 608 × 608 was chosen as a compromise
between detection accuracy and computational cost. Increasing resolution improved
detection of small objects marginally but increased inference latency. Decreasing resolution
reduced computational load but slightly degraded detection precision.

Overall, the selected hyperparameter configuration ensures stable convergence and
balanced performance under the computational constraints of the gecko-inspired robotic
platform. To provide a clearer overview of the parameter sensitivity analysis, the effects
of varying key hyperparameters are summarized in Table 5. This summary illustrates
the rationale for the selected configuration and its balance between convergence stability,
detection accuracy, and computational efficiency.

Table 5. Sensitivity analysis and robustness assessment of key training hyperparameters.

Parameter Current Value Current Assessment If Increased If Decreased

Learning Rate 0.01 Balanced Loss
oscillation/instability Slower convergence

Batch Size 16 Stability–memory
trade-off Higher memory usage Gradient fluctuations

Epochs 100 Near convergence Risk of overfitting Incomplete convergence
Input Resolution 608 × 608 Accuracy–speed balance Increased latency Reduced precision

Momentum 0.937 Stable default Possible oscillation Slower convergence
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The dataset was trained using the hyperparameters of the model mentioned above,
and the model underwent a total of 100 training rounds. During the model training process,
various generated images helped us intuitively understand the model’s progress and
performance at different stages.

Figure 8 shows the prediction results for the model validation set, where each box
represents the object category identified by the model and its corresponding detection
confidence score. From the figure, it can be seen that the confidence scores for most objects
are at a high level. Each sub-figure represents a different image frame, showcasing object
detection results in various scenes and demonstrating the model’s performance under
diverse conditions. This reflects the model’s accuracy and reliability.

Figure 8. The prediction results of the model on the validation set.

As shown in Figure 9, the YOLOv5 training results in the dataset. The result figure
displays the model loss curves in both the training set and the test set, as well as the
changes in evaluation metrics such as accuracy, recall rate, average precision, and mean
average precision. Box_loss represents the difference between the predicted box and
the actual box. As the training progresses, this loss gradually decreases, indicating that
the model’s performance in spatial localization is getting better and better. Obj_loss
represents the loss of target confidence. This value also gradually decreases, indicating
that the model’s confidence in target detection is increasing. The cls_loss represents the
classification loss, which decreases as training progresses, indicating an improvement in the
model’s performance in classification. Val/box_loss, val/obj_loss, and val/cs_loss all show
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a decreasing trend similar to the training loss, indicating that the model also performs well
on the validation dataset and there is no obvious overfitting phenomenon. Recall represents
the proportion of successfully detected samples among all true positive ones. This value is
close to 1, indicating that the model performs very well in detecting real targets. MAP_0.5
and mAP_0.5:0.95, these two indicators reflect the comprehensive detection ability of the
model under different IoU thresholds. As the training progresses, these two mAP values
gradually increase, indicating a effective in the detection performance of the model under
various conditions, especially when the mAP value approaches 1, indicating excellent
overall performance of the model. The training curves indicate that the model exhibits
stable learning behavior during both training and validation processes, with a continuous
decrease in the loss curve and increasing accuracy and recall. Overall, the training results
indicate stable convergence and suitability for practical object detection tasks.

Figure 9. Training results of YOLOv5 on the obstacle detection dataset.

The two graphs in Figure 10 show the changes in precision and recall of the model
relative to confidence. As the confidence level gradually increases from 0, the overall
precision shows an upward trend, indicating that higher confidence thresholds lead to
increased detection precision. The precision of all categories reached 1.00 at a confidence
level of 0.947, indicating that all detected samples were correctly predicted at this threshold.
Individual categories such as “chair” and “cabinet” perform relatively well in precision at
lower confidence levels, but as they approach the high confidence threshold, precision may
tend to saturate. The recall rate maintains a high level of confidence from 0 to 1, especially
when it is relatively stable at low confidence, indicating that the model can detect most of
the targets. The precision and recall of the model perform well in different classifications,
which can strike a balance between precision and recall to meet the needs of different
practical applications.

The two graphs in Figure 11 illustrate the variation of the F1-score and the preci-
sion–recall (PR) curves of the proposed YOLOv5 model under different confidence thresh-
olds. These metrics are commonly used to evaluate detection performance and to determine
an appropriate operating point for practical deployment.
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As shown in Figure 11a, the F1-score of all categories increases with the confidence
threshold and reaches its maximum value of 0.97 at a threshold of 0.573. Since the F1-score
represents the harmonic mean of precision and recall, this operating point provides the best
overall balance between false positives and missed detections. Therefore, the threshold
corresponding to the maximum F1-score is considered the most suitable choice for practical
obstacle detection.

(a) (b)

Figure 10. (a) Precision curve and (b) Recall curve of the YOLOv5 model.

(a) (b)

Figure 11. (a) F1 curve and (b) PR curve of the YOLOv5 model.

The PR curves in Figure 11b further demonstrate the detection capability of the
model across different recall levels. Most object categories exhibit high precision even at
large recall values, particularly for classes such as chair, guardrail, and vehicle, indicating
strong robustness and consistent detection performance. The overall mAP reaches 0.979,
confirming the effectiveness of the trained model.

It is also observed that when the confidence threshold is increased to 0.947, the preci-
sion of all categories reaches 1.00, meaning that all remaining predicted bounding boxes are
correct at this operating point. However, this perfect precision is obtained at the expense of
recall, as a large number of low-confidence detections are suppressed, resulting in missed
obstacle detections.
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In object detection systems, the confidence threshold directly controls the trade-off
between precision and recall. A higher threshold reduces false positives but increases the
risk of missed detections, whereas a lower threshold improves recall while introducing
additional false alarms. The confidence threshold mainly affects detection quality during
post-processing and has negligible influence on inference speed.

For robotic obstacle avoidance tasks, missed detections pose a greater safety risk
than occasional false positives. Consequently, although a threshold of 0.947 achieves per-
fect precision, it is not selected as the operating point in practice. Instead, a moderate
confidence threshold corresponding to the maximum F1-score is adopted, as it provides
a more reliable balance between detection accuracy and robustness for real-time navi-
gation. The confidence threshold does not significantly affect inference speed, as it is
applied during post-processing. Its primary impact lies in detection quality rather than
computational efficiency.

4.3. Comparative Experiment of Models

To further evaluate model suitability under the system constraints of the proposed
robotic platform, comparative experiments were conducted at two levels: (1) comparison
between different detection architectures (YOLOv5 vs. YOLOv11), and (2) ablation-style
analysis among different YOLOv5 variants.

4.3.1. Comparison Between YOLOv5 and YOLOv11

We conducted training experiments using YOLOv11 under identical dataset and
training settings. The objective of this comparison is not to establish a benchmark ranking,
but to analyze whether more recent model architectures provide practical advantages under
the system constraints of the proposed robotic platform.

Table 6 summarizes the comparative training results between YOLOv5 and YOLOv11
under identical dataset and training settings. Both models achieve comparable precision
and recall values, and no significant improvement in mAP is observed with YOLOv11.
However, the YOLOv11 training curves exhibit larger oscillations in the early epochs,
indicating increased sensitivity to training dynamics.

Table 6. Comparison between YOLOv5 and YOLOv11 under identical training conditions.

Metric YOLOv5 YOLOv11

Precision ≈0.98–0.99 ≈0.97–0.99
Recall ≈0.97–0.99 ≈0.97–0.99
mAP@0.5 ≈0.99 ≈0.98
mAP@0.5:0.95 ≈0.82–0.85 ≈0.75–0.78
Training stability Smooth convergence Noticeable oscillation in early epochs
Model complexity Moderate Higher
Deployment maturity Widely validated Relatively recent

4.3.2. Ablation Analysis of YOLOv5 Variants

Given that the objective of this work is to ensure stable real-time perception under the
hardware and system constraints of a gecko-inspired robotic platform, model suitability
is evaluated based on detection reliability, training stability, computational efficiency,
and deployment maturity. Under these criteria, YOLOv5 provides a more balanced and
robust solution for the current task.

To further analyze model suitability under the system constraints of the proposed
gecko-inspired climbing robot, we conducted an ablation-style comparison among different
YOLOv5 variants, including YOLOv5n, YOLOv5s, YOLOv5m, and YOLOv5l. The purpose
of this comparison is not to perform state-of-the-art benchmarking, but to investigate
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how model scale and network configuration affect detection performance and real-time
feasibility within a unified system framework.

For fairness, all YOLOv5 variants were trained under identical experimental condi-
tions, including the same input image resolution, data augmentation strategies, number of
training epochs, and hyperparameter settings. Only the model scale and internal network
configuration were varied. The evaluation metrics include precision, recall, mAP@0.5,
and mAP@0.5:0.95, as summarized in Table 7. To provide a clearer visual comparison of
the performance differences among the models, a corresponding bar chart is presented in
Figure 12.

Table 7. Comparative Experimental Model Evaluation Index Table.

Model P/% R/% mAP@0.5/% mAP@0.5:0.95

Yolov5s 0.915 0.96 0.97 0.81

Yolov5n 0.926 0.95 0.96 0.78

Yolov5l 0.947 0.98 0.97 0.84

Yolov5m 0.942 0.97 0.97 0.82

Figure 12. Bar chart of evaluation indicators for comparative experimental models.

Among them, the precision of Yolov5s is 0.915, which is the lowest among the four
models. The precision of Yolov5n and Yolov5m has slightly improved, reaching 0.926
and 0.942, respectively. Yolov5l has the highest precision, 0.947, demonstrating the best
classification precision. The recall rates of all models are close to 0.97 or higher, indicating
that these models perform well in detecting true positive cases, especially Yolov5l has the
highest recall rate, indicating its excellent ability to collect all positive cases. All models are
available at mAP@0.5. The performance of the indicators is relatively consistent, ranging
from 0.96 to 0.97, indicating that all models can effectively detect targets under a relatively
relaxed IOU threshold. However, under stricter criteria of mAP@0.5:0.95, Yolov5l also leads
with a score of 0.84, demonstrating its higher robustness. In general, Yolov5l performs
excellently in all indicators.
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4.4. CPG Motion Performance

The first step in the CPG control algorithm is to build the oscillation center of the
imitation gecko model, as shown in Figure 13. Based on the kinematic model design, a total
of 11 oscillation centers were set up, of which 8 were located in the shoulder and knee joints
of the limbs. The other three are located on the flexible spine. Through the above design,
the oscillation center can spontaneously and continuously generate joint control signals
through learning.

Figure 13. Construction of the gecko robot oscillation center.

The CPG signal generated through the Hopf oscillator network successfully performs
diagonal gait control. The angular timing curves of the knee and shoulder joints are shown
in Figures 14 and 15. Among them, the left front leg (LF) and right rear leg (RH), the right
front leg (RF), and left rear leg (LH) are respectively in synchronization, with a phase
difference of 0, and a phase difference of π is present between the two groups of diagonal
legs, which meets the diagonal gait requirements. The knee joint controls the forward
motion of the robot, with the swing phase at 0 to 30 degrees and the support phase at 40 to
60 degrees. The phase state distinction is achieved by switching the symbol of the oscillator
state variable y in Equation (5). The shoulder joint controls the leg lifting action and sets
the joint angle change range from 0 to 60 degrees, corresponding to the linear mapping of
Ai and θbias in Equation (7). All joints oscillate at a frequency of 1 Hz (ω = 2π rad/s).

Figure 14. Angle timing curves of knee joints.
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The three lateral swing joints of the spine show wave motions with a phase difference
of π/2. As shown in Figure 16, the maximum deflection angles are ±15°, ±10°, and ±8°,
respectively, which can effectively assist steering.

As shown in Figure 17, the proportion of the support phase is about 60%, indicating
the spatio-temporal coordination of diagonal gait. When one leg enters the swing phase, its
opposite leg always remains in a supporting state, which avoids violent fluctuations in the
center of gravity and increases the speed and stability of movement.

Figure 15. Angle timing curves of shoulder joints.

Figure 16. Angle timing curves of spine joints.

The joint angles output by the above CPG were mapped to each servo motor through
PWM signals, and a crawling experiment was conducted on a horizontal plane. In the
robot’s straight-line motion experiment, the following Figure 18 shows the straight-line
motion of the gecko in the diagonal gait. From the motion in Figure 18, it can be found
that the flexible spine of the gecko-like robot can produce periodic lateral deflection,
accompanied by alternating swings of the limbs back and forth. The robot can move
smoothly in a straight line on the experimental platform. The experimental results also
demonstrated the feasibility of the CPG control algorithm.
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Figure 17. Gait sequence diagram.

Figure 18. Straight-line crawling motion of the bio-inspired gecko robot prototype under CPG control.

4.5. Discussion on Future Integration

Based on the system architecture described in the previous section, this part discusses
potential extensions toward a fully integrated perception–decision–motion closed-loop
obstacle avoidance system.

The core integration concept of this study is to transform visual perception outputs
into modulation of locomotion parameters within the CPG controller. Specifically, obstacle
information obtained from YOLO-based detection is abstracted into low-dimensional de-
scriptors, such as obstacle direction and relative proximity, which are mapped to oscillation
amplitude, frequency, and phase offsets of the Hopf oscillator network. This parameter-
level coupling provides a structured interface between perception and locomotion, enabling
biologically inspired sensorimotor coordination at the framework level.

In a potential closed-loop implementation, the robot would acquire forward-view
images through an onboard camera, detect obstacles in real time, and estimate their relative
positions using depth information or geometric models. The system would then determine
whether obstacles fall within a predefined avoidance region and adjust the CPG parameters
accordingly. For example, obstacles on the left could increase the oscillation amplitude
and phase advance of the right limbs to induce a rightward turn, while frontal obstacles
at close range could reduce oscillation frequency to enable in-place turning. When no
obstacle is detected within the critical region, the CPG maintains nominal gait generation.
The resulting oscillator states xi(t) are mapped to joint angle commands and transmitted to
the servo drivers. The conceptual architecture is illustrated in Figure 19.

However, it is important to emphasize that the current experiments validate the
perception and locomotion subsystems independently. Real-time perception–motion closed-
loop control, including software integration, timing synchronization, latency analysis,
and system-level debugging, has not yet been experimentally implemented. In particular,
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the spinal motion demonstrated in this study corresponds to rhythmic oscillation under
preset CPG parameters, and visually triggered spinal modulation remains a conceptual
extension rather than an experimentally verified capability.

From a systems perspective, transitioning from subsystem validation to true au-
tonomous obstacle avoidance involves several major challenges. Reliable real-time map-
ping between perception descriptors and locomotion parameters must be established to
ensure responsive motion adaptation. In addition, synchronization between perception
update rates and high-frequency motor control loops is required to prevent timing conflicts
and instability. Robustness mechanisms must also be developed to handle perception
uncertainty, environmental disturbances, and varying surface conditions encountered in
climbing scenarios. Finally, long-duration integrated experiments are necessary to evaluate
stability, adaptability, and performance under continuous interaction.

Figure 19. Vision-to-locomotion closed-loop control architecture.

These challenges define the gap between the current framework-level formulation and
fully autonomous obstacle avoidance. Accordingly, the obstacle avoidance capability em-
phasized in this study should be interpreted as a research objective and system architecture
rather than a completed autonomous function.

Future research will focus on implementing real-time perception–CPG coupling, in-
cluding quantitative mapping strategies, synchronization analysis, and robustness enhance-
ment. Adaptive or learning-based modulation mechanisms may be introduced to improve
disturbance rejection and environment-dependent gait optimization. In addition, multi-
modal sensing integration, such as tactile and proprioceptive feedback, will be investigated
to enhance closed-loop stability in complex climbing environments.

Regarding reproducibility, the experiments are conducted using a self-collected dataset
tailored to the robot-centric viewpoint of a gecko-inspired climbing robot. Public bench-
mark datasets are not directly applicable due to differences in scene geometry and obstacle
characteristics. Detailed descriptions of data acquisition, annotation standards, training con-
figurations, and hyperparameters are provided in the Section 3. Although the dataset is not
publicly released at this stage, it can be made available upon reasonable academic request.

Overall, this work should be regarded as a foundational step toward integrated
perception–motion systems for climbing robots, providing a structured framework and
experimental baseline for future closed-loop development.

https://doi.org/10.3390/electronics15040882

https://doi.org/10.3390/electronics15040882


Electronics 2026, 15, 882 26 of 29

4.6. Limitations of the Proposed System

Despite the results obtained from subsystem validation, several limitations of the
proposed framework should be acknowledged.

First, the perception and locomotion modules are evaluated independently, and real-
time perception–motion closed-loop integration has not been experimentally implemented.
Consequently, the obstacle avoidance capability remains at the framework level rather than
a fully realized autonomous behavior.

Second, the perception–CPG coupling mechanism adopts a deterministic rule-
based mapping, which does not incorporate adaptive learning, disturbance rejection,
or environment-dependent optimization. This limits the system’s ability to cope with
highly dynamic or uncertain environments.

Third, the experimental validation is conducted using a self-collected dataset under
controlled conditions. Although it reflects the robot-centric viewpoint, further evaluation is
required to assess generalization across diverse real-world environments.

Finally, long-duration integrated experiments and system-level robustness analysis
under external disturbances have not yet been performed.

These limitations highlight the gap between the current subsystem-level verifi-
cation and fully autonomous obstacle avoidance, and they define key directions for
future research.

5. Conclusions
This paper investigates key enabling technologies for obstacle avoidance in bio-

inspired gecko robots, focusing on mechanical design, vision-based perception, and CPG-
based rhythmic locomotion control. Rather than claiming the realization of a fully au-
tonomous closed-loop system, this study establishes and experimentally validates the core
subsystems required for future perception–motion integration.

Experimental results demonstrate that the proposed gecko robot platform can
achieve stable diagonal gait locomotion with coordinated limb–spine motion. Meanwhile,
the vision-based perception module provides reliable real-time obstacle detection from
the robot’s onboard perspective. These findings confirm the feasibility of combining bio-
inspired mechanical structures, deep learning–based perception, and oscillator-driven gait
generation within a unified robotic framework.

An important insight of this study is that obstacle avoidance in climbing robots is
inherently a coupled system problem involving perception reliability, locomotion stability,
and parameter interpretability. Successful integration requires careful consideration of
computational constraints, interface design, and robustness under dynamic environmen-
tal conditions.

It should be emphasized that real-time perception–decision–motion closed-loop obsta-
cle avoidance has not yet been experimentally implemented. The present contribution lies
in subsystem validation and system framework formulation. Achieving true closed-loop
autonomy requires addressing several challenges, including establishing a stable mapping
between visual obstacle information and CPG parameters, ensuring real-time synchroniza-
tion between perception and control modules, and maintaining closed-loop stability under
environmental uncertainties.

Future work will focus on implementing real-time perception–CPG coupling to enable
obstacle-dependent modulation of oscillation frequency, amplitude, and phase coordi-
nation. Improving environmental adaptability through enhanced visual robustness and
multimodal sensing integration is also essential for practical deployment. In addition,
systematic parameter sensitivity analysis and online adaptation mechanisms will be inves-
tigated to ensure reliable locomotion across diverse terrains and task conditions.
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Overall, this study represents a foundational step toward robust and adaptive closed-
loop obstacle avoidance in bio-inspired climbing robots, providing a structured framework
upon which more advanced perception–motion integration and intelligent control strategies
can be developed.
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