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Abstract: The rapid growth in the use of wind energy has led to significant challenges in
the inspection and maintenance of wind turbine blades, especially as turbine sizes increase
dramatically and as operational environments become harsh and unpredictable. Wind
turbine blades, being the most expensive and failure-prone components, directly affect
operational stability and energy efficiency. The efficient and precise inspection of these
blades is therefore essential to ensuring the sustainability and reliability of wind energy
production. To overcome the limitations of the existing inspection methods, which suffer
from low detection precision and inefficiency, this paper proposes a novel complete cover-
age path planning (CCPP) algorithm for wall-climbing robots operating on wind turbine
blades. The proposed algorithm specifically targets highly complex regions with significant
curvature variations, utilizing 3D point cloud data to extract height information for the
construction of a 2.5D grid map. By developing a tailored energy consumption model based
on diverse robot motion modes, the algorithm is integrated with a bio-inspired neural
network (BINN) to ensure optimal energy efficiency. Through extensive simulations, we
demonstrate that our approach outperforms the traditional BINN algorithms, achieving
significantly superior efficiency and reduced energy consumption. Finally, experiments
conducted on both a robot prototype and a wind turbine blade platform validate the algo-
rithm’s practicality and effectiveness, showcasing its potential for real-world applications
in large-scale wind turbine inspection.

Keywords: complete coverage path planning; wall-climbing robot; wind turbine blade;
bio-inspired neural network; energy consumption model; 2.5D grid map

1. Introduction
With the rapid expansion in the use of wind energy [1], the inspection and maintenance

of wind turbines have become increasingly critical, particularly as turbine sizes grow [2]
and as they operate in harsh environments such as offshore wind farms and deserts [3,4].
Among the turbine components, blades are the most challenging to inspect due to their large
size, complex geometry, and exposure to environmental factors. These blades are not only
the most expensive components—accounting for over 20% of the total turbine cost—but
also the most vulnerable to damage. Defects such as scratches, coating damage, and cracks
often occur during transportation, installation, or operation and can significantly impact
energy efficiency, operational stability, and maintenance costs [5]. If undetected, such
damage can escalate, resulting in severe accidents and higher repair costs [6]. Therefore,
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early detection and timely maintenance of blade surface defects are essential to ensuring
turbine reliability and safety.

Various inspection methods have been developed to address these challenges, includ-
ing manual inspection, unmanned aerial vehicles (UAVs) [7], tower-climbing robots [8–10],
and wall-climbing robots [11,12]. However, these methods face significant limitations.
Manual inspections are labor-intensive and prone to human error, particularly when identi-
fying small surface defects. UAV-based inspections, while capable of providing a broader
view of the turbine, are constrained by camera resolution and often fail to detect subtle
defects. Additionally, UAVs are unable to perform internal inspections of the blade struc-
ture, limiting their effectiveness [13]. Tower-climbing robots rely on blade rotation for full
inspection, resulting in low efficiency and inconsistent detection quality. Wall-climbing
robots, which can operate directly on the blade surface, offer a promising alternative for
automated inspection; however, despite the advancements in their structural design and
adhesion mechanisms, research on their localization and path planning capabilities remains
limited. This restricts their ability to achieve high-efficiency, complete coverage inspections
of the blade surface.

Path planning is a critical area for improving the performance of wall-climbing robots.
Complete coverage path planning algorithms are widely applied in tasks such as clean-
ing [14,15], agricultural activities [16,17], and underwater exploration [18,19]. These algo-
rithms aim to ensure full task coverage while improving operational efficiency. Existing
complete coverage path planning algorithms are typically designed for flat or nearly flat
surfaces, such as floors or walls. These algorithms are generally categorized into cell de-
composition methods [20–23], template-based methods [24], and grid-based methods [25].
Cell decomposition methods lack flexibility when dealing with complex curved surfaces,
while template-based methods rely heavily on prior environmental knowledge, making
them unsuitable for dynamically changing blade surfaces. Grid-based methods typically
utilize discretization for two-dimensional planes and are simple and straightforward, mak-
ing them convenient for integration with sensor data. Therefore, this study adopts the
grid-based method for the environmental modeling of wind turbine blades and utilizes it
as the basis for complete coverage path planning. However, for three-dimensional curved
surfaces like wind turbine blades, grid-based methods often fail to consider the significant
variations in blade curvature and surface geometry, which can lead to increased path
redundancy and higher energy consumption for the robot. Furthermore, the large size
and complex structure of wind turbine blades impose additional challenges in optimizing
robot motion to minimize energy usage while ensuring complete surface inspection. These
challenges highlight the need for more advanced and efficient path planning algorithms
tailored to the unique demands of wind turbine blade inspection.

Bio-inspired robot path planning methods have provided novel insights for address-
ing complex curved surface coverage challenges. Inspired by the locomotion strategies
of biological organisms, researchers have developed frameworks based on ant colony
optimization (ACO) [26] and genetic algorithms (GAs) [27]. For example, Chen et al. (2022)
proposed a movement optimization framework for cyborg cockroaches [28], which em-
ployed machine learning to analyze the relationship between tactile feedback and terrain
curvature in real time, significantly improving path coverage and energy efficiency in
bounded spaces. Similarly, bionic snake robots have leveraged central pattern generator
(CPG) models to achieve adaptive winding motions on 3D surfaces [29], while swarm
robotic systems have addressed collaborative coverage in dynamic environments by mim-
icking bee colony behaviors [30]. However, the existing bio-inspired approaches still face
the following two major challenges when applied to large-scale continuous surfaces such as
wind turbine blades: First, locally optimized biological behavior rules struggle to globally
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coordinate long-distance coverage paths; Second, the coupling between biomimetic motion
patterns and complex surface geometry remains underdeveloped, leading to insufficient
accuracy in energy consumption prediction. These limitations have driven researchers to ex-
plore hybrid solutions that integrate bio-inspired algorithms with structured environmental
models. For instance, combining the machine learning strategies from cockroach movement
optimization [28] with grid-based surface representations may offer more efficient solutions
for scenarios like wind turbine blade inspection.

To address these issues, this study proposes a novel complete coverage path planning
(CCPP) algorithm specifically designed for wall-climbing robots operating on the complex
curved surfaces of wind turbine blades. The algorithm integrates an energy consumption
model with an improved BINN approach to achieve energy-efficient path planning. By
utilizing 3D point cloud data, the method identifies regions of high curvature variation,
extracts key height information, and then constructs a 2.5D grid map for precise planning.
Comparative simulations demonstrate the algorithm’s superior efficiency and reduced
energy consumption compared to traditional BINN methods. Furthermore, real-world
experiments on a robot prototype confirm the algorithm’s practicality and feasibility, high-
lighting its potential for industrial applications.

In summary, this study makes significant contributions to the field of CCPP for wall-
climbing robots by introducing a novel algorithm that achieves both energy efficiency and
high performance on complex curved surfaces. The proposed method has been rigorously
validated through simulations and real-world experiments, demonstrating its superiority
over existing approaches. The remainder of this paper is structured as follows: Section 2
details the methodology, including the task description, evaluation metrics, and algorithm
design. Section 3 presents the simulation results, while Section 4 discusses experimental
validation. Finally, Section 5 concludes the paper and outlines the future research directions.

2. Complete Coverage Path Planning Methodology for Blade
Wall-Climbing Robots
2.1. Task Description and Evaluation Metrics

Surface defect detection on wind turbine blades is a critical process to ensure the safe
operation of wind power systems. In this context, wall-climbing robots are required to
perform complete coverage path planning on the complex geometric surfaces of wind
turbine blades, enabling the systematic inspection of surface defects.

To achieve the complete coverage inspection of wind turbine blades, the wall-climbing
robot must start from any single side of a blade and systematically traverse the entire
surface through precise path planning. Upon completing the inspection of one side, the
robot returns to the blade root and transitions across the root area to the opposite side for
inspection. After inspecting both sides of a single blade, the robot moves along the outer
surface of the hub to the root of the next blade and begins the inspection task for that blade.
This process is repeated until all three blades of the wind turbine have been fully inspected.
By completing the inspection of an entire wind turbine in a single operation, the robot
avoids the time loss and deployment complexity associated with stepwise inspections.
This approach significantly enhances inspection efficiency and reduces operation and
maintenance costs.

Considering the gradient curvature characteristics of blades from root to tip, the
robot must ensure stable adhesion while optimizing its path strategy to achieve complete
coverage of the blade surface. This requires the robot to accurately perceive and adapt to
dynamic changes in surface curvature, precisely localize itself in complex geometries, and
record the spatial distribution of potential defects. Such capabilities provide reliable data
for subsequent damage assessment and maintenance decision-making.
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To fulfill the above objectives, the path planning algorithm must achieve an optimal
balance among multiple performance metrics. These metrics directly affect the reliability
and efficiency of the inspection task, determining the practical applicability of wall-climbing
robots in engineering scenarios. Based on this, a comprehensive evaluation system has
been established as follows [31]:

1. Coverage Rate: The percentage of the blade surface traversed by the robot, ensuring
no areas are missed.

2. Energy Efficiency: The energy consumed to complete the full coverage path. This
metric requires consideration of the robot’s energy consumption behavior in regions
with varying curvatures and should be optimized to extend operational endurance.

3. Path Length: The total length of the planned path, which should be minimized to
improve efficiency.

4. Redundancy Rate: The proportion of repeatedly inspected areas relative to the total
inspection area. While redundancy may be acceptable in critical regions to ensure
detection accuracy, unnecessary repetition elsewhere should be avoided.

High coverage rate ensures comprehensive inspection, while low energy consumption,
low redundancy rate, and short path length collectively enhance the robot’s endurance, eco-
nomic efficiency, and overall inspection effectiveness. By establishing this comprehensive
evaluation system, it becomes possible to systematically assess the performance of path
planning algorithms, providing scientific guidance for practical engineering applications.

This study aims to optimize the complete coverage path planning algorithm for wall-
climbing robots on wind turbine blades, improving their performance in surface defect
detection. The findings of this research will provide robust support for the safe operation
of wind power systems.

2.2. Analysis of Typical Operational Regions of Wind Turbine Blades

Wind turbine blades exhibit complex curvature variations, which have a direct impact
on the adhesion capability and mobility efficiency of wall-climbing robots. In regions
with higher curvature, robots may encounter difficulties in maintaining stable adhesion,
as well as challenges in path planning. Complete coverage path planning must ensure
that the robot efficiently traverses the entire blade surface without missing any areas.
By analyzing the curvature variations, it is possible to identify critical regions, thereby
optimizing path planning strategies to enhance the accuracy and efficiency of inspection
and maintenance processes.

To simulate the working environment on actual wind turbine blades, it is essential to
focus on regions with higher curvature, where wall-climbing robots face greater challenges
in adhesion, based on the calculated results and structural design requirements. Consider-
ing the large size of wind turbine blades and their complex surface curvature variations,
identifying and analyzing high-curvature regions is critical for addressing adhesion and
path planning issues. The curvature at each point should be calculated to pinpoint these
challenging areas. The curvature variations on the surface of wind turbine blades are illus-
trated in Figure 1. Brightly colored regions, which exhibit significant curvature changes,
often represent bottlenecks in path planning.

As shown in Figure 1a, the curvature of the upper blade surface is relatively small, with
regions of higher curvature primarily concentrated near the blade root and the blade tip.
Figure 1b displays the curvature of the lower blade surface. Compared to the upper surface,
the lower blade exhibits slightly higher curvature and should therefore be prioritized as a
focus area for planning and optimization.
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Wind turbine blades exhibit two typical types of early-stage damage, as shown in
Figure 2. The high-curvature blade tip region is prone to erosion damage, while the lower-
curvature region, extending from the blade root to approximately two-thirds of its length,
is more susceptible to cracking.
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Figure 2. The vulnerable regions of the blade.

Based on the damage characteristics and curvature distribution, this study identifies
the typical working regions of the wind turbine blade, as shown in Figure 3. Figure 3a
illustrates the typical curved surface near the blade root, where significant curvature
variation poses major challenges for the path planning of wall-climbing robots. Figure 3b
depicts the typical curved surface in the middle section of the blade, where curvature
variation is relatively small but cracking is more likely to occur, and this region occupies
the largest surface area. Figure 3c shows the typical curved surface at the blade tip, where
drastic curvature changes make this region highly prone to erosion.
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Through the analysis of the surface characteristics of wind turbine blades, it is evi-
dent that although the three typical regions of the blade surface differ in common early
defect types and curvature complexity, issues such as drastic curvature changes and large
inspection areas across the blade surface pose challenges to the full coverage path planning
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of wall-climbing robots. To address these challenges, improvements in the full coverage
path planning algorithm for wall-climbing robots are proposed, based on the structural
characteristics of wind turbine blades. These improvements will effectively enhance the
overall efficiency and reliability of blade inspection and maintenance tasks.

2.3. Construction of the 2.5D Grid Map for Blade Surface Modeling

In full coverage path planning tasks, traditional 2D grid maps typically only include
planar positional information, which fails to adequately reflect the complexity of real envi-
ronments. In practical applications, environments are often three-dimensional, featuring
various height variations such as slopes, steps, and obstacles. These height variations have
a significant impact on path planning, and neglecting height information may result in
planned paths being infeasible in practice or even pose safety risks. Generally, robot full
coverage path planning only considers positional changes in the 2D coordinates.

In this study, considering the specific nature of the working environment, the surface
of wind turbine blades is not a flat plane but instead exhibits certain height and curvature
variations. As a legged wall-climbing robot moves across the surface of a wind turbine
blade, its motion must be integrated with its adhesion mechanism. By taking height infor-
mation into account, paths can be planned more precisely to reduce redundant coverage
and missed areas, thereby improving task efficiency and resource utilization.

A 2D grid map is a representation of a continuous space converted into a discrete
structure. It divides the environment into equal-sized square grid cells, with each grid
cell corresponding to a portion of the real-world environment. During path planning,
the occupancy state of each cell is represented using binary values as follows: 0 indicates
uncovered space, while 1 represents either an obstacle (infeasible space) or an already
traversed (covered) space. Additionally, the map can store more detailed information,
which can be indexed and accessed using a 2D array of row–column coordinates.

A 2.5D grid map, as defined and utilized in the previous section, extends the concept
of 2D grid maps by incorporating height information into the grid cells. For path planning,
it is necessary to supplement the grid with occupancy states based on this height data. By
integrating height information, the curvature changes of the blade surface can be indirectly
represented, allowing the robot’s path planning algorithm to choose the optimal path.
This avoids unnecessary ascents or descents, improves planning efficiency, and reduces
energy consumption. Consequently, this approach enhances the robot’s endurance and
operational efficiency.

The correspondence between 2D grid maps and bio-inspired neural networks (BINNs)
is illustrated in Figure 4. A 2D neural network is constructed based on the 2D grid map,
where each grid cell in the map is represented by a neuron in the neural network. The
connections between neurons indicate the ability of a neuron to perceive its neighboring
neurons. Each neuron can sense other neurons within a neighborhood defined by a specific
radius and determines the next movement direction based on the activation values of the
neurons [32].
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In wind farms, the 3D models of wind turbines are typically known; however, the
curved surfaces of wind turbine blades are not regular surfaces that can be represented
using equations. By discretizing the 3D models, point cloud data of the blade surfaces can
be obtained. The height information at various positions on the blade can be extracted
through point cloud data.

To construct a 2.5D grid map for the proposed typical regions, the process begins by
discretizing the environmental map into grid cells. This involves dividing the continuous
space into a uniform grid structure, where each cell represents a small, discrete portion of
the environment. Each grid cell is then assigned a value that corresponds to its occupancy
state, such as free space, occupied space, or unknown space. This step results in the
creation of a foundational 2D grid map, which provides a simplified representation of the
environment in terms of occupancy.

Building upon this 2D grid map, height information is incorporated for each grid cell
to supplement the data and enhance the map’s dimensionality. Specifically, the height
of each grid cell is determined by sampling the surface of the environment within the
boundaries of the cell. This height sampling process is carried out according to the grid
resolution, with the smaller grid sizes capturing the finer details of the environment. For
the three proposed types of typical regions, height sampling generates a point cloud map
that represents the surface geometry of these regions, as illustrated in Figure 5.
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The height value corresponding to each grid cell is then stored as an additional
attribute in the grid map. This step effectively transforms the 2D grid map into a 2.5D grid
map, where each cell not only contains occupancy information but also possesses height
data that reflects the elevation of the environment at that specific location. By combining
occupancy states and height information, the 2.5D grid map provides a richer and more
comprehensive representation of the surface geometry of the environment.

As a result, the final 2.5D grid maps for the three typical regions are constructed,
capturing both the horizontal and vertical characteristics of each region. These maps,
as shown in Figure 6, serve as a valuable resource for detailed analysis, path planning,
and other applications which require an understanding of both surface topology and
spatial constraints.

In the task of complete coverage path planning, grid cells are classified into three
states—uncovered, covered, and obstacle—with their priority levels decreasing in this
order. Each grid cell can belong to only one state at a time. Traversal of every uncovered
cell is ensured by detecting each grid cell.

Within the working area, the wind turbine blade itself does not contain inaccessible
obstacle cells. However, during the motion of the wall-climbing robot, to avoid secondary
damage to defects caused by the robot’s adhesion, the blade can be treated as a locally
unknown grid map. Grid cells identified as defects are treated as obstacle cells. The robot
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continuously collects local environmental information and updates it to the global map,
thereby achieving the complete coverage task across the blade area.
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2.4. Establishment of the Energy Consumption Model for Wall-Climbing Robots

When performing operations on wind turbine blades, the massive size of the blades
and the limited mobility of the wall-climbing robot necessitate the effective management of
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the robot’s operational endurance. The robot’s energy consumption directly impacts its
working efficiency and continuous operational time. To ensure safe and efficient operation,
it is critical to manage and optimize the robot’s energy usage during the complete coverage
defect detection task on the turbine blade.

Firstly, establishing an energy consumption model allows for a precise prediction of
the energy required for the robot to complete the full coverage defect detection task on the
turbine blade. This ensures that the robot operates within a safe energy consumption range,
preventing potential safety hazards such as adhesion failure or falling due to excessive
energy consumption. Secondly, the energy consumption model provides valuable guidance
for path planning. By analyzing the energy consumption of different paths, the model
enables the selection of the most energy-efficient path, ensuring that the robot can effectively
complete blade inspection and maintenance tasks while conserving energy.

To achieve rational full coverage path planning for the wall-climbing robot, it is
necessary to establish a comprehensive energy consumption model. The wall-climbing
robot designed in this study uses a four-legged air pump adsorption mechanism for
adhering to the surface of the wind turbine blade. The motion schematic of the single-leg
mechanism is shown in Figure 7, where each rotational joint is driven by a ZP35D servo
motor, sourced from Zhongling Technology, located in Hangzhou, China.
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The robot’s energy consumption during the inspection of the turbine blade surface
primarily arises from the following two components:

• Control System Energy Consumption: This includes the power required to manage
sensors, onboard computing systems, and communication modules.

• Motion System Energy Consumption: This encompasses the energy consumed by
robotic actuators, including the servo motors and the air pump system used for surface
adhesion.

Considering these two major sources of energy consumption, the model can accurately
estimate the robot’s energy usage during various operations. This provides a foundation
for optimizing the robot’s path planning and ensuring its ability to complete the detection
task effectively while avoiding the risks related to energy depletion.

As shown in Figure 8, the wall-climbing robot is capable of moving in eight directions.
Its primary motion modes can be categorized into the following:

• Rotation Mode;
• Linear Movement Mode.
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The robot’s movement in any of the eight directions can be decomposed into a combi-
nation of these two motion modes. Let the time required for the robot to perform a rotation
be denoted as tr, and the time required for the robot to perform linear movement in a
straight direction be denoted as ts.

The robot’s energy consumption can be further detailed as follows:

• The power of the robot’s control module is represented by Pc.
• The energy consumed by the control module is represented as Ec.
• The energy consumed by the robot’s motion module is represented as Em.
• The robot’s total energy consumption is denoted as Esum

Esum = Ec + Em = Pc(tr + ts) + Em (1)

Since the movement of the wall-climbing robot in any of the eight directions can be
decomposed into a combination of rotation mode and linear movement mode, the energy
consumption for rotation mode is denoted as Er, while the energy consumption for linear
movement mode is denoted as Es, in the following equation:

Em = Er + Es (2)

The magnitudes of Er and Es are primarily influenced by the rotation angle α, the
linear movement distance d, and the height difference between two adjacent grids ∆h, as
expressed by the following:

Em = Er(α, d, ∆h) + Es(α, d, ∆h) (3)

Let the rotation angles of joints A, B, and C be denoted as θ1, θ2, and θ3, respectively.
To ensure the end-effector remains in a vertical orientation at all times, it is required that
the rotation angles of joint C and joint B are equal in magnitude but opposite in direction,
i.e., θ3 = −θ2. The lengths of links 1, 2, and 3 are denoted as l1, l2, and l3, respectively. The
geometric relationship of the single-leg mechanism is illustrated in Figure 9.

α = θ1 (4)

d = l1sinθ1 (5)

∆h = l2sinθ2 (6)
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When the wall-climbing robot operates in the rotation mode, the rotation angle α

corresponds to the rotation angle θ1 of joint A, and the linear movement distance d = 0.
The angles θr2 and θr3 are set as fixed values. When θr1 ̸= 0, the wall-climbing robot
executes the rotation mode effectively; otherwise, all angles are set to zero. A very small
positive number ϵ is used for control purposes. The rotation angles of the joints can then
be expressed as follows:

θr1 = α (7)
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θr2 = (π/6)× (|θr1|/|θr1|+ ∈) (8)

θr3 = −(π/6)× (|θr1|/|θr1|+ ∈) (9)

When the wall-climbing robot operates in the linear movement mode, the rotation
angle α is determined based on the required linear movement distance d. The rotation
angle θs2 of joint B is determined by the height difference between two adjacent grids. The
rotation angles of the joints can then be expressed as follows:

θs1 = sin−1(d/l1) (10)

θs2 = sin−1(∆h/l2) (11)

θs2 = −sin−1(∆h/l2) (12)

Thus, the energy consumption of the motion module for the wall-climbing robot can
be expressed as follows:

Em = Er + Es =
3

∑
i=1

Eri +
3

∑
i=1

Esi =
3

∑
i=1

(
τ × θri

τ

)
+

3

∑
i=1

(
τ × θsi

τ

)
(13)

The torque of the servo motor used is τ = 3.5 N·m, and the efficiency of the servo
motor is η = 0.7. The rotation time of the servo motor is fixed at 2 s. The robot has four
legs, and during the movement of a single grid, the legs on two diagonal lines alternately
operate. Each leg performs two actions—lifting and lowering. Based on this, the total
energy consumed by the wall-climbing robot to move in any of the eight possible directions
can be expressed as follows:

Esum = Pc(tr + ts) + Em = 8Pc + 4(τ/η)
3

∑
i=1

(θri + θsi) (14)

By constructing the energy consumption model of the robot, it becomes possible to
quantify the energy required to move to the grid corresponding to the surrounding neurons.
This model incorporates factors such as the distance difference, angle difference, and height
difference required for movement. These parameters are then utilized to select the next
grid for movement, enabling further optimization of the robot’s path planning.

2.5. Design of the CCPP Algorithm Based on the Energy Consumption Model and BINN

The robot’s path planning algorithm can be categorized into the following two types:
point-to-point path planning and area coverage path planning. Area coverage path plan-
ning aims to design a path that allows the robot to efficiently and comprehensively cover a
designated area to accomplish its task.

For surface defect detection on wind turbine blades, the climbing robot must traverse
all the feasible regions on the blade. The algorithm should aim to minimize repetition,
path length, and energy consumption as much as possible. This optimization improves the
robot’s endurance and enhances its detection efficiency, ensuring that the entire surface is
inspected effectively.

A bio-inspired neural network (BINN) is employed for the complete coverage path
planning. Its principle is inspired by the behaviors of biological systems, utilizing a neural
network model to enable robots to perform autonomous navigation and coverage tasks
in complex environments. BINN is frequently applied to collision-free path planning for
robots in dynamic environments. Compared with other methods, BINN is a highly adaptive
bio-inspired algorithm capable of effectively handling complex and dynamic environments
without requiring a learning process.
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BINN uses the activity and interactions of neurons to simulate the navigation mecha-
nisms of biological organisms, thereby exhibiting adaptive and dynamic planning capabili-
ties. The neuronal neighborhood network model of BINN is shown in Figure 10, where the
following representations are used:

• Black neurons represent obstacles;
• White neurons represent feasible regions;
• The blue circular area, centered on the current neuron with a radius R, represents

the perception domain. Neurons within this perception domain can influence the
current neuron.
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The activity value of a neuron is determined by the shunting equation described
in [33], as follows:

dXi
dt

= −AXi + (B − Xi)

[
[Ii]

+ +
n

∑
j=1

ωij
[
Xj

]+]− (D + Xi)[Ii]
− (15)

where Xi is the activity value of the i-th neuron, A is the decay rate of the neuron activity, B
and D are the upper and lower limits of the neuron activity, respectively, n represents the
number of neurons within the perception domain of radius R around the i-th neuron, ωij is
the connection weight between the i-th neuron and the j-th neuron, and Ii is the external
input, which can be calculated using Equation (16) [34].

Ii =


E, Uncovered area

−E, Obstacle area

0, Covered area

(16)

where E is a very large constant. The value of E is much greater than B, ensuring that
the maximum activity value of uncovered neurons exceeds the minimum activity value
of obstacle neurons. The term [Ii]

+ + ∑n
j=1 ωij

[
Xj

]+ collectively represents a positive

excitation to the neuron’s activity, while [Ii]
− represents a negative inhibition to the neuron’s

activity. Their functions are expressed as follows [35]:

[Ii] =

{
max{Ii, 0}, [Ii] = [Ii]

+

max{−Ii, 0}, [Ii] = [Ii]
− (17)

The connection weight ωij is defined as follows [35]:

ωij =


µ
dij

, The j-th neuron is within the perceptual domain

0, The j-th neuron is outside the perceptual domain
(18)

where dij is the Euclidean distance between the i-th neuron and the j-th neuron, and µ is
a constant.

Generally, the activity value of the current neuron is influenced by the activity values of
all other neurons within its perception domain. Uncovered areas attract the robot to move,
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while obstacle areas repel the robot to avoid collisions. Traditional BINN path planning
algorithms are typically based on 2D grid maps, where a priority heuristic formula is used
to comprehensively consider the impact of movement distance costs and robot turning
angle costs. However, for the 3D environment in this paper, we consider the blade surface,
height data, and the energy consumption model for various robot movement modes. On
the basis of a 2.5D grid map, the algorithm comprehensively takes into account movement
distance costs, turning angle costs, height difference costs, and energy consumption costs
to determine the changes in neuron activity values [36]. Thus, the next movement target
point for the robot is selected. The position of the robot’s next target point Pn is obtained
through Xn, which is expressed as follows [37]:

Xn = max{Xk + cYk, k = 1, 2, . . . , m} (19)

where c is a non-negative correction coefficient between 0 and 1, and Yk is the influence
variable obtained by considering various factors comprehensively.

c is used to proportionally adjust the influence value Yk. If c is too small, the consid-
eration of influencing factors for the target point becomes insignificant. If c is too large,
the original neuron activity cannot dominate, and the robot may fail to achieve proper
full coverage. Yk is a variable obtained by comprehensively considering the movement
distance, turning angle, height difference, and energy consumption difference between the
current grid and the potential next grid. Yk can be expressed as follows:

Yk =
α1yd + α2yθ + α3yh + α4ye

4
(20)

where α1 is the influence coefficient of the distance between the robot’s current grid and
the potential next grid, α2 is the influence coefficient of the turning angle between the
robot’s current grid and the potential next grid, α3 is the influence coefficient of the height
difference between the robot’s current grid and the potential next grid, and α4 is the
influence coefficient of the energy consumption difference between the robot’s current grid
and the potential next grid. The magnitude of the influence coefficients determines the
degree of importance the robot assigns to each factor when selecting the next target point,
as follows:

yd = 1 − ∆d
d

(21)

where ∆d is the Euclidean distance between the current grid and the potential next grid, and d is
the maximum possible Euclidean distance between the current grid and the potential next grid.

yθ = 1 − ∆θ

π
(22)

where ∆θ is the turning angle between the current grid and the potential next grid.

yh = 1 − ∆h
h

(23)

where ∆h is the height difference between the current grid and the potential next grid, and h is
the maximum possible height difference between the current grid and the potential next grid.

ye = 1 − ∆E
E

(24)

where ∆E is the energy difference between the current grid and the potential next grid, and h is
the maximum possible energy difference between the current grid and the potential next grid.
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The improved BINN full coverage path planning process is shown in Figure 11. The
input consists of map information and robot positioning information, while the output is
the complete path. After initializing the input information, a 2.5D grid map of the wind
turbine blade is created, and the BINN neural network is constructed to represent the
occupancy status of grid cells. The robot starts area coverage from the initial position
and updates the activity values of the neighboring neurons based on the priority heuristic
formula to determine the next target grid cell. After the robot moves to the target grid
cell, the cell becomes the current grid cell and is marked as covered, while the grid map
is updated. When all eight grids surrounding the robot have been traversed, it indicates
that the robot is in a deadlock. If the robot is in a deadlock and the grid map has been fully
traversed, the detection ends; otherwise, point-to-point path planning is used to escape to
a nearby unexplored grid cell to continue detection until all the grid cells are traversed.

Machines 2025, 13, x FOR PEER REVIEW  15  of  24 
 

 

the cell becomes  the current grid cell and  is marked as covered, while  the grid map  is 

updated. When all eight grids surrounding the robot have been traversed, it indicates that 

the robot is in a deadlock. If the robot is in a deadlock and the grid map has been fully 

traversed, the detection ends; otherwise, point-to-point path planning is used to escape to 

a nearby unexplored grid cell to continue detection until all the grid cells are traversed. 

 

Figure 11. Flowchart of BINN Full Coverage Path Planning Based on Energy Consumption Model. 

3. Simulation and Results 

For the wall-climbing robot designed for wind turbine blade inspection, its working 

range covers both the upper and lower surfaces of the blade near the root. The curvature 

of the blade root changes uniformly. After completing the inspection of one side of the 

blade surface, the robot returns to the root of the blade to cross over and move to the other 

side for  inspection. Therefore, simulation analysis of path planning  is performed sepa-

rately for the upper and lower surfaces of the wind turbine blade. 

By proportionally scaling a typical middle section of the blade, a 2.5D grid map  is 

constructed as the simulation environment for the robot. The total area is 2000 × 2000 mm, 

divided into a 20 × 20 grid, with each grid cell measuring 100 × 100 mm. In the grid map, 

the horizontal axis represents the physical quantity “Position X” (unit: 100 mm), indicat-

ing consecutive positions in the horizontal direction of the map, where each unit corre-

sponds to a physical distance of 100 mm. Similarly, the vertical axis represents the physical 

quantity “Position Y” (unit: 100 mm), also indicating consecutive positions in the horizon-

tal direction of the map, with each unit corresponding to a physical distance of 100 mm. 

The robot starts moving from the same initial position and stops when all the grid 

cells have been traversed. The performance of the original BINN algorithm and the im-

proved energy-consumption-based BINN algorithm was compared. 

Figure 11. Flowchart of BINN Full Coverage Path Planning Based on Energy Consumption Model.

3. Simulation and Results
For the wall-climbing robot designed for wind turbine blade inspection, its working

range covers both the upper and lower surfaces of the blade near the root. The curvature of
the blade root changes uniformly. After completing the inspection of one side of the blade
surface, the robot returns to the root of the blade to cross over and move to the other side
for inspection. Therefore, simulation analysis of path planning is performed separately for
the upper and lower surfaces of the wind turbine blade.

By proportionally scaling a typical middle section of the blade, a 2.5D grid map is
constructed as the simulation environment for the robot. The total area is 2000 × 2000 mm,
divided into a 20 × 20 grid, with each grid cell measuring 100 × 100 mm. In the grid map,
the horizontal axis represents the physical quantity “Position X” (unit: 100 mm), indicating
consecutive positions in the horizontal direction of the map, where each unit corresponds to
a physical distance of 100 mm. Similarly, the vertical axis represents the physical quantity
“Position Y” (unit: 100 mm), also indicating consecutive positions in the horizontal direction
of the map, with each unit corresponding to a physical distance of 100 mm.
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The robot starts moving from the same initial position and stops when all the grid cells
have been traversed. The performance of the original BINN algorithm and the improved
energy-consumption-based BINN algorithm was compared.

Simulations of the robot’s traversal on the grid map were conducted using both
the current BINN algorithm and the energy-consumption-based BINN algorithm. Both
algorithms successfully completed the full coverage path planning. In the schematic
diagram of neuron activity, the physical quantities and units of the horizontal and vertical
axes are the same as those of the grid map, while the Z-axis represents the activity value of
the neurons, which has no unit. The activity values of obstacles remain constant at −200,
the initial activity value of uncovered areas is 200, and the activity value becomes 0 after
being covered. The activity values before the area traversal begins are shown in Figure 12a.
The changes in neuron activity during the traversal process are shown in Figure 12b, and
Figure 12c shows the neuron activity after the grid traversal is completed.
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Considering that the middle section of the blade accounts for the largest proportion of
the blade’s total surface area, it was selected as the simulation region. Simulations were
conducted on a 2.5D grid map with height information using both the traditional BINN
algorithm and the improved BINN algorithm. Through the simulations, the full coverage
path of the traditional BINN algorithm was obtained, as shown in Figure 13a. The full
coverage path of the energy-consumption-improved BINN algorithm was obtained, as
shown in Figure 13b.
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Simulation results provided evaluation data for the traditional BINN algorithm and
the energy-consumption-based improved BINN algorithm. Since the robot’s detection
efficiency and endurance are primarily evaluated based on the total path length and energy
consumption, detection efficiency was determined by the total path length; the shorter
the path, the higher the efficiency of the robot in completing the coverage task. A lower
repetition rate indicated that the robot avoided redundant cleaning or detection during the
task, thereby improving coverage efficiency.

For the robot used in the experiment, the energy consumption of a 45◦ rotation
is approximately twice that of moving one unit length. The number of turns and the
corresponding turning angles both directly affect the energy consumption during the
detection process. Therefore, we primarily consider the total path length, the number of
turns, the repetition rate, and the energy consumption. Each unit of path length corresponds
to an actual movement distance of 100 mm, and each unit of energy consumption is
approximately 1.2 J. The data obtained are shown in Table 1.

Table 1. Performance Comparison Between the Traditional BINN Algorithm and the Improved
BINN Algorithm.

Algorithm Type Total Path Length
(mm)

Number of
Turns

Repetition
Rate

Energy
Consumption (J)

Traditional BINN
algorithm 39,748 113 0.035 1015.2

Improved BINN
algorithm 39,270 121 0.023 979.2
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By comparison, it can be observed that under the consideration of energy consumption,
the improved BINN full coverage path planning algorithm achieves a shorter total path
length and lower repetition rate compared to the traditional BINN full coverage path
planning algorithm. Since energy consumption information is taken into account, the robot
tends to move toward areas with lower energy costs. As a result, the number of turns
increases; however, because a 90◦ turn requires multiple incremental rotations, the actual
energy consumption is reduced.

This indicates that, when energy consumption is considered, the improved BINN full
coverage path planning algorithm achieves better results in terms of the robot’s endurance
and operational efficiency.

4. Prototype Experiment
The wall-climbing robot used in this study is based on a prototype of a quadruped

wall-climbing robot. The robot achieves adhesion and movement on wind turbine blades
through the use of an air pump. Various sensor modules are mounted on the robot. The
physical robot is shown in Figure 14a.
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Figure 14. Experimental Platform for Algorithms. (a) Wall-climbing robot prototype. (b) Experimental
platform for typical wind turbine blade regions.

Due to the large overall size of wind turbine blades, which can reach lengths of
hundreds of meters, it is challenging to conduct full-scale machining and experiments
on the entire blade. However, proportionally downsizing the blade often leads to an
increase in curvature, which does not meet the actual operational requirements. Therefore,
a 1:1 scale model of a wind turbine blade’s typical working region was selected as the
experimental platform. This approach not only simulates the real working environment
but also represents the most challenging area for the wall-climbing robot to operate.

The selected wind turbine blade experimental platform is shown in Figure 14b. The
platform is made of fiberglass, the same material as actual wind turbine blades, which
further enhances the simulation of real working conditions. The experimental platform mea-
sures approximately 1.5 m × 1.5 m and features curved surfaces with varying curvatures,
making it suitable for various performance tests.

In the experiment for the full coverage path planning algorithm, considering the
size of the wall-climbing robot and the actual range of the wind turbine blade, an area of
1.2 m × 1.2 m on the experimental platform was selected for path planning testing. Each
grid cell was set to a size of 200 mm × 200 mm. The resulting 2.5D grid map of the
experimental platform is shown in Figure 15.

Assuming the far-right area is an inaccessible region, simulation tests were conducted
using both the BINN algorithm and the improved BINN algorithm. The robot starts from
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the bottom-left grid and performs full coverage path planning. The resulting simulated
paths are shown in Figure 16a,b.
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The simulation data obtained from the tests are shown in Table 2. The improved BINN
full coverage path planning algorithm demonstrates significant advantages in obstacle-free
environments, particularly in reducing the number of turns and energy consumption. Since
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most of the wind turbine blade consists of obstacle-free feasible areas with only a small
portion being inaccessible, this optimization improves the robot’s operational efficiency
and endurance. Additionally, the obstacle avoidance capability and advantages of the
improved BINN algorithm for inaccessible areas have been validated in Section 4. This
indicates that the improved BINN algorithm can also achieve excellent path planning
results in complex environments.

Table 2. Comparison of Algorithm Simulation Results for Experimental Wind Turbine Blade.

Algorithm Type Total Path Length
(mm)

Number of
Turns

Repetition
Rate

Energy
Consumption (J)

Traditional BINN
algorithm 580 11 0 175.2

Improved BINN
algorithm 580 9 0 156

Conducting practical tests of the wall-climbing robot on the wind turbine blade ex-
perimental platform is a crucial step in validating the effectiveness of its path planning
algorithm and motion stability. The experimental process is shown in Figure 17, which fully
demonstrates part of the process where the robot moves along the planned path on the sur-
face of the wind turbine blade. During the test, the robot primarily performs the following
three types of action: lateral movement, vertical movement, and self-rotation. The entire
experimental testing process showcases the robot’s ability to execute the path planning
algorithm and adapt to real-world environments, verifying its coverage performance on
complex curved surfaces.
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Figure 17. Wall-climbing robot moves along the planned path. (a) Starting point; (b) Lateral move-
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Figure 17. Wall-climbing robot moves along the planned path. (a) Starting point; (b) Lateral move-
ment; (c) Self-rotation; (d) Rotation completed; (e) Upward movement; (f) Downward movement.
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5. Conclusions
Through the integration of advanced path planning algorithms with motion control

strategies, the wall-climbing robot demonstrates strong adaptability and stability on com-
plex surfaces. The established path planning system ensures efficient coverage of the
wind turbine blade while maintaining low energy consumption and avoiding unnecessary
movements. The proposed algorithms, especially the improved BINN algorithm, can be
easily applied to similar robotic applications with minimal adjustments, showcasing the
method’s versatility. The testing process validates the feasibility of the system in real-
world scenarios, achieving end-to-end path execution without relying heavily on manual
intervention or preprocessing.

In addition, the following shortcomings and future prospects have been identified:
The method relies on a prior model of the environment, making it effective for known

3D environments like wind turbine blades. However, for targets without prior models,
environment perception and point cloud data collection are necessary. In complex curved
surfaces, the further optimization of motion efficiency and stability is needed, especially in
scenarios with closely clustered obstacles. Additionally, enhancing the robot’s adaptabil-
ity to unexpected environmental changes, integrating real-time feedback and predictive
modeling, and employing higher-precision motors alongside advanced closed-loop control
algorithms for motion and inspection tasks could significantly improve coverage accuracy,
operational efficiency, and overall system reliability.
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