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Abstract: Rope-driven robots are increasingly being applied for the efficiently cleaning of glass
curtain walls. However, increasingly complex wall surfaces and the various shapes of obstacles may
block the robot and reduce coverage. In this study, three-DOF rope-driven cleaning robots and a
full-coverage path-planning algorithm were developed to achieve global operation. The robot adopts
a five-rope parallel configuration, and four winches are mounted on the wall and one on the ground
to produce 3D motion performance. We used a grid method to build the wall model to mark obstacles,
and then we decomposed it according to the wall curvature to better access cleaning subareas. To
further increase the cleaning coverage rate, a full-coverage path-planning algorithm based on an
improved priority heuristic was designed, which does not ignore the inset area of U-shaped obstacles.
By introducing two sets of priority criteria to judge the forward direction, the robot can switch
directions to cover a whole area when encountering U-shaped obstacles. Furthermore, by planning a
return route requiring the least amount of time when entering a dead zone, an escape strategy was
developed to prevent the robot from being unable to choose a direction. The experimental results
show that the robot, after applying the proposed path-planning algorithm, could complete the global
cleaning of complex glass walls with various obstacles.

Keywords: glass wall cleaning; rope-driven robot; wall modeling; full-coverage path planning

1. Introduction

At present, with the rapid development of the social economy and the improvement
in people’s living standards, the application of glass curtain walls in buildings is becoming
increasingly popular [1–3]. These glass walls need to be regularly cleaned to prolong
building service life [4–6]. While the traditional method for glass curtain wall cleaning relies
on manual labor, working at heights poses risks to worker safety. Thus, façade-cleaning
robots have been adopted as an assistant or substitute for human workers performing these
tasks. In addition, the curved surfaces and irregularly shaped obstacles on buildings place
stricter demands on robot performance. For robots working on glass curtain walls, most
research has focused on prototype design and stability control; little attention has been paid
to the obstacle-overcoming and path-planning abilities of these robots [7–9]. Therefore,
studies on robot DOF extensions and global path-planning algorithms are required.

Currently, some robots use wheels or mechanical legs to crawl on façades for wall
cleaning [10–12]. For example, Liu et al. developed a wheeled wall-climbing robot with
the ability to climb walls using circular arrays of miniature spines located around the
wheel [13]. Wang et al. proposed a flexible and adjustable wheel–leg composite cleaning
robot composed of three leg frames on a rotating shaft to expand the movement space [14].
In addition, one type of wall-cleaning robot is driven by ropes. TITO, ROPE RIDE, Sky
Scraper-I, etc., have been proposed as robots with a structure combining ropes and slide
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rails to realize two-DOF motion, but their stability is insufficient on high buildings [15–17].
To safely apply robots at high altitude, Kite uses four independent winches to control four
ropes from four different angles [18]. The winches and cleaning body form a planar two-
DOF redundant parallel mechanism, which limits excess body movement, so movement
stability can be effectively guaranteed. However, this robot cannot work on a wall with
raised obstacles and sunken surfaces because of the lack of movement freedom perpen-
dicular to the wall direction. For the obstacle-overcoming problem, Dai et al. added an
electric push rod that can retract perpendicular to the wall for pushing ropes away from the
surface [19]. So, the robot can overcome obstacles, but the performance is restricted by the
rod length. As taller buildings require more water and cleaning products, this considerably
increases the engineering requirements for robot load capacity. However, a robot using
legs or wheels is driven by its own adsorption force to move the load, which limits the load
capacity; therefore, a rope-driven robot with a high load capacity is more appropriate for
window cleaning. From the analysis of complex curtain wall shapes, three-dimensional
space motion ability is necessary for a robot to successfully overcome obstacles.

Wall modeling is the premise of robot path planning. A variety of environmental
modeling methods have been proposed, among which the most common are the grid,
topology, and viewable methods [20–22]. In the grid method, each grid corresponds to
a region in the map and represents the environmental information of the region [23–25].
With the topological method, a region is divided into multiple subspaces according to the
geometric features of the environment [26–28]. The main idea of the viewable method
is to view the robot as a particle and the obstacle as a polygon [29–31]. However, when
topological methods encounter regions with similar features, constructing the correspond-
ing topological maps is challenging due to an inability to distinguish similar regions. The
disadvantage of the viewable method is that as the number of obstacles increases, the
number of lines between vertices increases, which leads to increases in the path-planning
complexity and time consumption. Therefore, the topology and viewable methods are
unsuitable for wall surfaces with complex-shaped obstacles. In contrast, the grid method is
more appropriate because it can determine the complete obstacle shape by setting smaller
grid sizes.

A path-planning algorithm is necessary for a robot to realize the task of global glass
wall cleaning, which demands the planned path to be as short as possible with a low
repetition rate. To solve the problem posed by the global coverage of operational areas,
a series of path-planning algorithms have been proposed. The cattle tillage covering
algorithm (BCD) proposed by Choset et al. divides a working area into several subareas,
and then the robot uses reciprocating or spiral motion to cover the area in each subarea [32].
When encountering obstacles, the robot uses a back-off operation to complete the covering
task. He et al. proposed a full-coverage path-planning algorithm for a sweeping robot [33],
which used a priority inspiration function to determine the moving position of the robot
and used a genetic algorithm to solve the problem of falling into dead zones. Tang et al.
presented a path-planning robot based on a rolling window priority heuristic algorithm for a
wall-climbing robot, using a rolling window combined with a mobile traversal priority rule
implementation area, preventing the robots from being trapped in dead zones [34]. Ma et al.
designed a new fusion algorithm based on the improved A* and Open_Planner algorithms
(A-OP), improving the smoothness of the path using the minimum snap method and
A-OP algorithm to implement the path planning of an unmanned sweeper. [35]. Chen et al.
proposed a cognitive space–time environment modeling approach for autonomous vehicles,
which models a multiscenario-adapted space–time environment model from a cognitive
perspective and transforms the scenario-based trajectory planning problem into a unified
spatial–temporal planning problem [36]. Hernandez and Carreras developed a method
to generate and sort homotropy classes according to a lower bound heuristic estimator.
The classes were used to constrain and guide path-planning algorithms [37]. Galceran
and Carreras presented a review of the most successful coverage path-planning (CPP)
methods, which determine a path that passes over all points of an area or volume of interest
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while avoiding obstacles. Furthermore, they discussed the reported field applications
of the described CPP methods [38]. Emile et al. investigated CPP for the robotic single-
sided dimensional inspection of free-form surfaces. Others improved CPP by replacing
the random viewpoint sampling strategy [39]. Wang et al. proposed a CPP method
based on deep reinforcement learning for a kiwifruit-picking robot, using LiDAR to collect
the environmental point cloud information of the kiwifruit orchard and construct a two-
dimensional grid map; an improved deep reinforcement learning algorithm, the re-DQN
algorithm, was proposed to determine the traversal order of each region [40].

In summary, existing rope-driven robots face the following problems in obstacle
overcoming and path planning. 1. The robot can complete cleaning operations on simple
wall surfaces, but moving from one piece of glass to another is difficult, as these panes
of glass are separated by large barriers such as balconies or partitions. 2. The existing
path-planning algorithms generally ignore the inset area of U-shaped obstacles, which
limits the cleaning coverage rate. 3. The dead zone escape strategy has not been widely
applied in façade cleaning path planning, so the robot can become stuck in dead zones and
unable to choose a direction.

To address the above problems, we used five winches to establish a spatial model to
drive the robot body through ropes, so that it has three degrees of freedom of movement
to overcome obstacles. Using the grid method to build the wall model to mark obstacles,
we then decomposed it according to the wall curvature to more thoroughly clean subareas.
To further improve the cleaning coverage rate, a full-coverage path-planning algorithm
based on an improved priority heuristic was developed, which does not ignore the inset
area of U-shaped obstacles. By introducing two sets of priority criteria with which to
judge the forward direction, the robot can switch directions to cover the whole area when
encountering U-shaped obstacles. Furthermore, by planning a return route taking the least
amount of time possible when entering a dead zone, an escape strategy was designed to
prevent the robot from being unable to choose a direction. Aiming at problems in terms
of the structure design, wall modeling, and path planning of cleaning robots, we propose
a five-rope 3D driving configuration, a grid modeling method, and a full-coverage path-
planning algorithm including a dead zone escape strategy to achieve the efficient global
cleaning of a curved wall with complex obstacles.

The rest of this paper is arranged as follows. Section 2 introduces the rope-driven
cleaning robot structure. The wall model gridding and region decomposition are shown in
Section 3. Section 4 introduces the path-planning algorithm based on the priority heuristic.
Section 5 describes the experimental procedure and results of the analysis. Section 6
provides several conclusions from this study.

2. Mechanical Design of Cleaning Robot

When the robot encounters large obstacles such as balconies and partitions, using the
jumping strategy to overcome obstacles is most effective. The main idea of the jumping
strategy is to realize 3D movement by relying on the 5-rope parallel configuration.

To obtain continuous and flexible three-dimensional space motion on complex glass
curtain walls, the proposed rope-driven parallel cleaning robot is mainly composed of a
cleaning body with four propeller fans to provide wind pressure and five driving winches.
The propeller fans in the four corners can form even and stable pressure, pushing the robot
body to closely fit the surface, solving the problem of efficient cleaning for concave surfaces.
In accordance with previous studies [29,33], the rope-driven robots connected to more than
n + 1 ropes in a space with n degrees of freedom are called redundant rope-driven parallel
robots. In this configuration, the ropes in different directions are always subjected to a
high tension in the workspace, which substantially reduces vibrations in the ropes. So,
four winches are mounted on the façade, similar to a normal rope-driven robot, but one
particular winch is mounted on the ground and provides a pulling force perpendicular to
the façade, enabling the robot to leave the wall surface.
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As shown in Figure 1, the four winches on the façade are designed to maintain the
movement stability on the two-dimensional plane of façade to prevent the robot body from
shaking due to external factors and colliding with the wall or obstacles. The winch is the
power unit that drives the cleaning body to move by controlling the winding/unwinding
of the rope fastened to the body. A winch placed on the ground provides a third degree
of freedom for robot movement, giving the robot the ability to “jump” on walls to easily
cross obstacles. When the robot encounters an obstacle, a fifth rope lock is shortened; at the
same time, with the change in the other four ropes’ lengths, it can be temporarily removed
from the wall to avoid collisions with obstacles. After the robot travels over the obstacle,
the fifth rope is extended and works with the other four ropes again. At this time, the robot
can return to the wall surface to continue its cleaning work.
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Therefore, through the above structural design, the robot can overcome large obstacles
and realize stable spatial motion. This is crucial for the robot to efficiently complete
global cleaning.

3. Wall Modeling
3.1. Wall Gridding

To clean a large glass curtain wall, the body of the robot must be pulled by the rope of
winch 5 to make it continuously jump to overcome obstacles. This is inefficient on walls
with densely distributed obstacles. Therefore, a full-coverage path must be planned for
the robot to avoid obstacles with as little jumping as possible to efficiently complete the
cleaning work.

The aim of full-coverage path planning is to find the path that cleans the maximum
area. To facilitate robot path planning, the edge learning strategy can be adopted, in which
sensors are used to obtain the shape and location information of obstacles on the wall.
Through data processing, a three-dimensional model of the wall is constructed to simplify
the wall, which is then developed into a two-dimensional plane with length L and width
H. This is convenient for the subsequent wall modeling, which is achieved using the grid
method to represent the distributed obstacles. Then, the working environment can be
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simplified to a two-dimensional rectangular plane model with length L and height H by
approximate processing, using grids to represent obstacles, as shown in Figures 2 and 3.
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To simplify the calculation, the curve length of the surface is straightened to L of the
rectangular model, and the height of the building is taken as H. Therefore, if the wall shape
is a straight line, L is the straight-line length l; if the wall shape is an arc, L can be calculated
according to the arc length calculation formula; if the wall shape is a curve with variable
curvatures, a curve function equation is needed, and L can thus be calculated according to
the curve length calculation formula, as shown in Equation (1):

L =


l Straight line
θ1πr+θ2πr

180 Arc line∫ b
a

√
[ f ′(x)]2 + 1dx Variable curvature curve

(1)

Based on the two-dimensional rectangular plane model, the operating environment
can be developed with the grid method to construct the map, which is relatively simple
and convenient in terms of path-planning algorithm design.

To facilitate understanding, each grid represents a point on the map. Considering the
robot size, computational efficiency, accuracy, and other factors, the grid size was set as
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10 cm. (xi, yi) is defined as the position coordinates of grid k, where xi and yi denote its
horizontal and vertical coordinates, respectively. To facilitate the calculation and processing,
each grid attribute is assigned a value, as shown in Equation (2). The three values of 0, 1,
and 2 are used to represent the three states of the grid: obstacle, uncovered, and covered
grids, respectively, so the position attribute of grid k can be represented as (xi, yi, fk).

fk =


0 obstacle raster
1 uncovered raster
2 covered raster

(2)

The environmental state of a robot can be judged by assigning grid attributes. As
the robot moves, the numbers of covered and uncovered grids change and update. In
addition, in the robot’s operational environment, some irregular obstacles may exist in
the established grid map that do not completely coincide with the grid boundary. To
simplify the representation of the grid map model as much as possible, these obstacles
must be expanded into the regular grid model during grid map modeling. Based on
the acquired wall map, the heuristic algorithm is both simple and operable. However,
many wall-climbing robots are limited by insufficient movement and turning abilities and
low intelligence during façade maintenance working. Therefore, considering the actual
motion of a robot, we developed an improved priority heuristic full-coverage path-planning
algorithm based on the reciprocating coverage algorithm. The algorithm sets the bottom
length of the subregion grid map as L and the height as H. From the grid map perspective,
the robot has eight moving directions: up, down, left, right, up left, down left, up right,
and down right. The number of uncovered grids from the current grid to the obstacle grids
or covered grids in the upper, lower, left, and right directions is defined as Nn, Ns, Nw, and
Ne, respectively.

Figure 4a shows a grid map. By assigning grid attributes, the corresponding digital
matrix of the grid map can be obtained, as shown in Figure 4b. In the uncovered case, no
uncovered grids exist in the environment. When full coverage of the workspace is achieved,
the uncovered grids become covered grids. The digital matrix of the grid map at this time
is shown in Figure 4c.
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Figure 4. Grid map matrix: (a) grid map; (b) uncovered map digital matrix; (c) overlaid map
digital matrix.

If all the cells of a row or column of the matrix are 0, as shown in Figure 5, the obstacle
cannot be avoided; in this case, the obstacle must be crossed by jumping.
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3.2. Region Decomposition

Because a glass curtain wall is usually larger than the cleaning body, when the wall
curvature is too large or some raised obstacles are present, the wall and rope controlling
the cleaning body inevitably collide, causing friction, which we call interference, as shown
in Figure 6. This considerably reduces the safety of the robot. So, reasonably decomposing
the working area is an important issue in the path planning of a full-coverage robot. To
avoid interference, according to the curvature of the wall, the whole façade working area is
divided into several subareas by changing the winch horizontal position, so that the robot
can separately operate in each subarea. Furthermore, to obtain more detailed information
about the obstacle shape, the subareas should be as small as possible. Therefore, we suggest
that concave regions should also be decomposed.
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Figure 6. Interference problem between rope and wall surface.

Depending on the height of the winch relative to a wall bulge, we can divide the area
by setting an empirical value so that interference does not occur in the subarea.

First, the overlooking shape of the glass curtain wall is abstracted into a curve to
facilitate slope calculation. The upper left vertex of the curtain wall is selected as the origin
of the coordinates to establish a coordinate system, and 0, ±

√
3/2 is taken as the ultimate

slope (empirical value). From the beginning to the absolute value of the ultimate slope,
the range can be viewed as a partition. Then, the end point of this partition is selected as
the starting point of the next partition, and the starting point is used as the origin of the
coordinates to establish the coordinate system. Then, the slope of the curve is calculated.
The previous process is repeated until the end point is reached. The wall shown in the
image can eventually be broken down into four subregions, as shown in Figure 7.
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4. Full-Coverage Path Planning

To achieve autonomous robot full-coverage path planning, through the analysis of the
previous study results related to CPPS, we selected a series of path-planning principles
based on the improved priority heuristic algorithm, which can considerably improve the
efficiency of the robot. A large exterior glass curtain wall surface is often complex; in
addition to conventionally shaped obstacles, U-shaped obstacles may be present, which
pose challenges to the robot body moving strategy. The dead zone position problem also
arises during the working process. Therefore, effectively avoiding obstacles to achieve full
coverage and escaping dead zones as quickly as possible have become key to improving
robot performance.

To solve these problems, an improved priority heuristic algorithm was designed,
which prioritizes the moving direction according to the priority order designed based
on the center place of the robot in the established wall model. Thereby, a reasonable
ergodic path can be planned. To further illustrate the improved priority heuristic algorithm,
we selected three common wall models and proposed three path planning principles
as examples.

4.1. Conventional Obstacle Avoidance Strategy

On a wall surface with conventional obstacles, when L ≤ H, the robot’s overall motion
scheme is longitudinal reciprocating motion. When L > H, the robot’s overall motion
scheme is transverse reciprocating motion. The specific rules are as follows:

(1) When L ≤ H, the first rule is that the horizontal and vertical robot motions have
higher priority than oblique motions. The second rule is that if the robot starts to perform
a coverage task from the subregion left (right) side, the priority of left (right) motion is
set as the highest, the priority of up and down motion is second, and the priority of right
(left) motion is lower than those of up and down motion. The third rule is calculating the
number of uncovered grids in the upper and lower directions from the robot’s current grid
to the obstacle or covered grid, which are set as Nn and Ns, respectively. If Nn < Ns, the
robot’s upward motion has higher priority than the downward motion. Otherwise, the
downward motion has higher priority than the upward motion. This rule ensures that the
robot preferentially covers the side with a low number of uncovered grids to reduce the
path repetition rate of the robot.
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(2) When L > H, based on the transverse reciprocating motion, three priority rules
were formulated for the robot to select the next grid position. The first rule follows that
in (1). The second rule is that if the robot starts to perform the coverage task from the
subarea’s upper (lower) side, the upward (downward) motion priority is set as the highest,
the left and right lower motion priority as the second-highest, and the downward (upward)
motion priority is lower than that of left and right motion. The third rule is to calculate the
number of uncovered grids in the left and right directions from the robot’s current grid to
the obstacle or covered grid, which are Nw and Ne, respectively. If Nw < Ne, the robot’s left
movement has higher priority than right movement. Otherwise, the right movement has
higher priority than left movement.

This overall obstacle avoidance strategy is shown in Figure 8.
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Figure 8. Conventional obstacle avoidance strategy: (a) longitudinal and (b) transverse reciprocat-
ing motion.

4.2. U-Shaped Obstacle Avoidance Strategy

First, the robot marks U-shaped obstacles in the grid map through edge learning and
then determines whether a U-shaped obstacle is present in the grid map of the subregion
whose opening direction is consistent with the initial coverage direction of the robot. If
a U-shaped obstacle is present, the switching command operation is used to cover the
U-shaped obstacle area. The priorities for avoiding U-shaped obstacles are as follows:

When L ≤ H, if the robot starts to perform the coverage task from the left subregion
(right) side, the right (left) motion priority is set as the highest, the up and down motion
priority as the second-highest, and the right (left) motion priority is lower than that of the
up and down motion. When L > H, if the robot starts to perform the coverage task from
the upper (lower) side subregion, the downward (upward) motion priority is set as the
highest, the left and right lower movements’ priority is second-highest, and the upward
(downward) motion priority is lower than the left and right motion priorities. The other
priority rules remain the same.

The overall U-shaped obstacle avoidance strategy is shown in Figure 9.
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4.3. Dead Zone Escape Strategy

When a robot moves to a certain grid position, if the neighboring grids are obstacle or
covered grids and some uncovered grids remain in the map, the robot may fall into a dead
zone position. At this point, the robot needs to find the shortest possible path to escape the
dead zone.

To address this situation, we developed a strategy to escape from dead zones. First,
based on the wildfire algorithm, the properties of the eight adjacent grids are searched
based on the grid where the robot is located. If an uncovered grid is found, it is marked.
The grid around range is continually expanded; in other words, the attributes of 16 grid are
searched, and any uncovered grid is marked. Then, the search scope is gradually expanded
until the boundary of the grid map is searched, and the distance between the marked
grids and dead zone grid is calculated. The grid with the shortest distance is the initial
target point.

After finding the initial target point, a path to move from the dead zone position to
the initial target point must be planned. We used the direction function to plan the path,
which can effectively solve this problem. The direction function is defined as follows.

F= min{ fi = hi + ki, i = 1, 2, 3, ..., 8} (3)

hi =
dn

di
(4)

dn =

√
(xn − xm)

2 + (yn − ym)
2 (5)

di =

√
(xi − xm)

2 + (yi − ym)
2 (6)

ki = a
θk
π

(7)

where hi represents the distance function; ki is the steering function, dn and di represent
the distance from the next-move grid to target point grid and the distance from the current
grid to target point grid, respectively; (xn, yn), (xm, ym), and (xi, yi) denote the next-move
grid coordinates, the target grid coordinates, and the current grid coordinates, respectively;
i represents the number of robot-adjacent grids. Because the next-move grid is the domain
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grid of the current grid, the steering angles θk are 0, π/4, π/2, 3π/4, and π. The value of a
is 0.2, which represents the influence of the steering angle on the robot’s selection of grid
position for the next move.

As shown in Figure 10, if the robot moves to position 1©, it falls into a dead zone. At
this time, the nearest uncovered grid position searched by the wildfire algorithm is 3©,
which is set as the initial target point. The path from the dead zone position 1© to the initial
target point position 3© calculated by the direction function is indicated by the blue line.
The first uncovered grid position in this path is 2©, which is the expected target point. As
the robot moves from 1© to the expected target point 2©, it escapes the dead zone.
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4.4. Full-Coverage Path-Planning Algorithm

Based on the proposed priority-setting rule, the glass-cleaning work can be performed
on most walls according to the following steps:

Step 1. Set the robot’s initial position; mark U-shaped obstacles whose opening
direction is consistent with the initial coverage direction using the edge learning strategy.

Step 2. The robot determines the next-move direction according to the improved
priority heuristic full-coverage path-planning algorithm, and the robot covers the moving
direction following this plan.

Step 3. If the robot moves to a U-shaped obstacle whose opening direction is consistent
with the initial coverage direction, execute the switching command operation to cover its
area, and then proceed to Step 5 after the coverage is completed.

Step 4. If robot enters a dead zone, execute the escape from the dead zone strategy,
search for the nearest uncovered grid to the dead zone position, and set it as the initial
target point. Use the direction function to plan the path to move to this grid and set the
first uncovered grid in this path as the intended target point, so the robot can move to the
target point for escaping the dead zone. Proceed to Step 5.

Step 5. Judge whether all the grids in the grid map have been covered. If not, return to
Step 2; otherwise, end the algorithm.

The flow of the above improved priority heuristic algorithm is shown in Figure 11.
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To fully demonstrate the improved priority heuristic full-coverage path-planning
algorithm, a complex wall with multiple obstacles was simulated. On this wall, L = H = 20,
so the overall robot motion scheme was longitudinal reciprocating motion, and the start-
ing point was the lower-left corner of the grid map. The improved priority heuristic
full-coverage path-planning algorithm was used to plan the coverage path, as shown in
Figure 12a.

When the robot moved to the position shown in Figure 12b, the robot obtained the
obstacle information in the working environment through edge learning and determined
the A positions based on the information. If the robot moved to point A, the robot would
be judged as entering the obstacle.

As the robot moved to the position shown in Figure 12c, obstacles or covered grids
were all around the robot, so the robot fell into a dead zone. At this time, the robot
attempted to escape the dead zone, and the wildfire algorithm was used to find the initial
target point.

Finally, the robot completed the global cleaning work according to the planned path,
as shown in Figure 12d.

Therefore, full coverage of the working area on a complex wall was achieved by
switching the rules of motion direction priority while avoiding special calculation, which
verified the feasibility of the proposed full-coverage path-planning method, and effectively
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solves the problem of efficient global cleaning of a wall with densely distributed obstacles
by a robot.
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age area.

5. Experiment and Results

To verify the feasibility of the algorithm, we built a simulation experimental platform.
The outdoor glass curtain wall was replaced with an office glass partition, and the obstacles
were simulated using raised cubes randomly placed on the partition. The cleaning robot
was a robot prototype with a control system, as shown in Figure 13. The robot prototype
contained a cleaning body and five winches equipped with encoders for feedback rope
length data. The winch size was 10 × 10 × 30 cm, the rope length was 9 m, the body size
was 25 × 25 × 10 cm, and the body weight was 3.62 kg. Winches 1 and 2 were mounted on
the wall 2.5 m above the ground, with a distance of 3 m between them. Winches 3 and 4
and 1 and 2 formed a rectangle. Winch 5 was mounted on the ground 3 m from the wall.
For the convenience of analysis, a working coordinate system with winch 3 as the origin
was established, where the x axis was horizontally forward from winch 3 to 4, the y axis
was opposite to the direction of gravity, and the z axis followed the right-hand spiral rule.
In addition, a control system was used to adjust the winding/releasing of the ropes for each
winch and obtain real-time rope length data. An observation camera (MV-CE060-10UM)
fixed 4 m in front of the wall was used to record robot movement, and the actual position
of the robot on the wall could be obtained via combining the size-proportional relationship
between the image and experimental platform.
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To verify the effectiveness of the improved priority heuristic full-coverage path-
planning algorithm, the environment shown in Figure 13 was used for the experiment,
wherein some different-shaped obstacles were distributed on the glass wall with an existing
dead zone.

Before the experiment, the grid was modeled on the operating environment, the
positions of the obstacles were marked, and the cleaning body was set to start from the
lower-left corner of the map. The full-coverage algorithm proposed in this paper was
implemented. The results show the escape route of the body when it encountered a dead
zone. As shown in Figure 14, the cleaning robot applied the improved priority heuristic
full-coverage path-planning algorithm for the area coverage task. In the process of covering
the area, the cleaning body could avoid obstacles. When the body became trapped in the
dead zone, the dead zone escape strategy was executed, and the robot successfully escaped
from the dead zone.
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To further verify the accuracy of the full-coverage path-planning algorithm, we set
20 points in this scene to calculate the theoretical robot position at these points, and then
we measured the actual position. Finally, the position errors were obtained by comparing
the two values. The experimental data are shown in Figure 15.
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The experimental results show that the proposed improved priority heuristic full-
coverage path-planning algorithm could be applied to accurately complete the whole-area
coverage task and is an efficient full-coverage path-planning algorithm.

6. Conclusions

This paper presents a 3D rope-driven robot and a full-coverage path-planning al-
gorithm to realize the global cleaning of complex glass curtain walls. By designing a
five-rope parallel configuration, the robot was made able to overcome obstacles to complete
three-DOF motion. The wall model was built based on the grid method to mark obstacles,
which was then decomposed according to the wall curvature to more thoroughly clean the
subareas. To overcome the smooth obstacle avoidance problem for robots on complex walls,
a full-coverage path-planning algorithm based on heuristic principles was proposed. By
specifying the direction priority, the path of the robot body can be autonomously planned
according to the distribution of wall obstacles. Using the proposed dead zone escape
strategy can ensure the shortest escape path and maximize cleaning efficiency.

A series of experiments were tailored to verify the performance of the robot and the
effectiveness of the algorithm. The results show that the robot can avoid obstacles and
achieve full-coverage movement on the complex façades of the experimental platform.
The proposed algorithm planned an efficient global cleaning path for a rope-driven robot
with a maximum position error of 7.3 mm. According to these results, the proposed
priority heuristic algorithm increases the robot operation coverage rate on complex walls
by independently planning the work path according to the distribution of obstacles.

This study provides a new idea for robot structure design and path planning for
complex façade cleaning, which can be widely used in other scenes operated by rope-
driven or crawling robots. Different from the existing methods that deal with planar CPPS,
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we expanded the surface to a plane and then solved the global cleaning path planning
problem considering obstacles, so no comparison with traditional CPPS was possible. In
future work, we will compare our method with existing CPP techniques for flat surfaces
and further improve the obstacle avoidance performance of the robot.
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