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Abstract—Cooperative transportation with multiple mobile
robots allows carrying out tasks that exceed the capabilities
of individual agents. In this paper, we propose a framework
that coordinates a team of robots to transport objects via cable-
tethering. The framework enables a formation control so that
path planning includes (i) payload constraints, (ii) deformation
to cross complex obstacles, and (iii) online updates about the
environmental changes. The approach has been tested with
a team of TurtleBot3 Burger robots in ROS 2, in simulated
scenarios, and validated in a real-world environment.

Index Terms—Multi-robot systems, cooperative transport, for-
mation control, complex obstacles

I. INTRODUCTION

Systems with multiple mobile robots are increasingly em-
ployed for cooperative object transportation due to their im-
proved load capacity, fault tolerance, and cost efficiency com-
pared to single large platforms [1]. Cooperative transport can
be achieved through pushing/caging strategies or by physically
coupling the robots to the payload, for instance, via cables. A
transport system with cables can be modeled as a formation
control problem, where maintaining appropriate relative con-
figurations ensures load balance and payload stability. Several
works demonstrate formation-based transport using aerial [2]
or ground robots [3]. However, these approaches are typically
validated in environments with limited obstacle complexity.

The possibility of deforming the formation can significantly
increase the robots’ navigation capabilities in cluttered envi-
ronments, since it enables contraction to pass through narrow
passages, as shown in [4]-[7]. Moreover, deforming the forma-
tion also enables obstacle-crossing maneuvers, in which robots
move on opposite sides of an obstacle while maintaining
payload constraints. Strategies like split-and-merge have been
proposed for obstacle bypassing [8], [9]. However, these ap-
proaches assume loosely coupled robot groups that can move
almost independently. In cooperative transportation, the shared
payload imposes strict coordination and balancing constraints,
preventing independent motion of subgroups during obstacle
crossing.

Recent path-planning approaches explicitly account for
formation geometry to address coordinated deformation and
crossing. For instance, sampling-based methods [10]-[12]
explore the high-dimensional configuration space and al-
low transitions between formation shapes. Optimization-based
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techniques [13], [14] formulate deformable transport as con-
strained optimal control problems, though they often suffer
from high computational cost or sensitivity to initialization.
Graph-based complete planners [15] discretize both workspace
and formation space to guarantee optimality, but scalability
depends on the grid resolution and the number of formation
candidates. Note that these methods assume static environ-
ments and rely on precomputed structures that are difficult to
adapt online. Other works address dynamic obstacles, for ex-
ample, by modifying the Dynamic Window Approach (DWA)
parameters [16], slowing down the formation [17], or learning
avoidance policies via reinforcement learning [18]. However,
these studies consider relatively simple environments and
small obstacles. They do not address coordinated crossing of
complex non-convex structures, such as fissures and crevasses,
which could be encountered in space exploration scenarios.

Therefore, planning cooperative transport should consider
maneuvers that (i) respect payload balancing constraints, (ii)
exploit formation deformation for crossing complex non-
convex obstacles, and (iii) adapt online to environmental
changes, which represent a still largely unexplored issue. In
this work, we propose a framework for cooperative transport
with non-holonomic ground robots carrying a cable-suspended
payload, which enables coordinated crossing of complex non-
convex obstacles with online replanning to handle changes in
the environment of the initial map.

The rest of the paper is structured as follows: Section II
overviews the proposed framework. The transportation model
is presented in Section III, while the obstacle crossing is
described in Section IV. Section V introduces the formation
control for the mobile robots, which navigate in the map
illustrated in Section VI. Simulation and experimental results
are presented in Section VII and VIII, respectively. Section IX
concludes the paper with some analysis for future research.

II. THE PROPOSED ARCHITECTURE

The core of the proposed framework is the Joint A* al-
gorithm, which employs grid decomposition to compute a
distance-optimal path that enables coordinated crossing of
complex non-convex obstacles. Unlike existing graph-based
approaches, the Joint A* does not rely on precomputed data
structures, making it suitable for online replanning on an
updated map. Similar to [14], payload dynamics and inter-
action forces are not explicitly modeled. Instead, payload
balancing requirements are encoded as geometric constraints
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Fig. 1. The overall workflow of the proposed obstacle crossing framework.

within the planning process, allowing the method to remain
computationally feasible while preserving load stability.

As shown in Figure 1, the architecture includes an offline
phase and an online one. In the offline phase, the environment
is mapped with a LiDAR to scan the obstacle’s outline while
neglecting its height; then, the Joint A* is used to generate
an initial crossing path. During the online phase, the robots
track the planned trajectory through a decentralized position
control. In parallel, a system of depth cameras updates the
obstacle’s height information and detects any new obstacles. If
a potential collision with other robots or payload is detected, a
local segment of the path is replanned online without stopping
the formation.

III. THE TRANSPORTATION SYSTEM MODEL

A multi-robot transportation system (Figure 2) showcases
the performance of the proposed framework. It consists of
N homogeneous non-holonomic robots, each equipped with
a vertical pole of length h supporting the payload through a
cable of length [, (Figure 2(a)).

1) Formation model: The robots are arranged into two
symmetric groups, referred to as side-formations, to enable
obstacle crossing while preserving payload balance. Each side-
formation consists of robots equally spaced along an arc of a
virtual circumference Chqjance Of radius rpqiance. The payload
is suspended between the two side-formations, and its height
depends on 7p474nce- Equal angular spacing within each side-
formation ensures that all cables remain stretched and that
the payload weight is evenly distributed. Each side-formation
is approximated by its minimum enclosing circle Cy;q. With
radius rg;q. (see Figure 2(b)). This circular approximation is
used for planning and collision checking.

2) Crossing constraints: The complex obstacle crossing
algorithm computes trajectories for the two side-formations,
each containing an arbitrary number of robots. The separa-
tion between the side-formations is defined as the Euclidean
distance d(c1,c2) between the centers ¢; and ¢ of their
enclosing circles. Such an inter-formation distance d(cy, cs)
is not directly controlled; it varies, instead, as a function
of the radius 7pqianece Of the virtual circumference Cpaiance-
Variations of 7p474ncec change the geometric setup of the system
and, hence, the distance between the two side-formations. The
admissible variation Ad is bounded by the system’s physical
parameters, e.g., ., h, and the robots’ payload capacity.

PAYLOAD

Fig. 2. (a) How the robots hold the payload. (b) The two side-formations.

IV. OBSTACLE CROSSING STRATEGY

Two paths are computed to cross an obstacle, one for each
side-formation, so they can pass on opposite sides of the
obstacle (left and right). Small or convex obstacles can be
handled using simple geometry-based strategies. In contrast,
crossing large or non-convex obstacles is non-trivial; for
this reason, the proposed crossing algorithm formulates the
problem as a joint path planning task for two agents, each
one representing a side-formation.

Since the robots operate in a planar environment, the
position of each agent is represented by p; = (2;,9:),
corresponding to the center of the side-formation’s enclosing
circle. Joint planning for the two agents is therefore performed
in a joint state space js = ((z1,y1), (z2,72)) € R

The two agents must satisfy a distance constraint throughout
the motion, which acts as a constraint-based pruning mecha-
nism, significantly reducing the feasible joint search space.
However, joint planning over the entire environment remains
computationally expensive, especially at high map resolutions.
For this reason, this work restricts joint path planning to
regions containing crossable obstacles. In all other cases, the
formation could be treated as a single entity. Note that a global
planning approach over the full environment is beyond the
scope of this paper.

A. Obstacle processing

Large obstacles typically admit only one feasible crossing
direction, enabling search-space reduction by assigning each
side-formation to a specific side of the obstacle.

The obstacle outline is assumed to be previously obtained
through SLAM performed by a single robot equipped with
a LiDAR. This process produces an occupancy map, where
the colors white, black, and gray denote free, occupied,
and unknown areas, respectively. The free space around the



obstacle is partitioned into two regions, either manually or via
the main branch of the obstacle medial axis (Figure 3).

N

Fig. 3. The original obstacle map and its partition into a left side (red) and
right side (cyan).

B. Joint A* algorithm

Paths are computed using a modified A* algorithm that
jointly plans a distance-minimizing trajectory for the two
agents. Each agent can move in eight directions or remain
stationary, resulting in 92 = 81 possible joint actions at each
expansion step. To enforce the distance constraint between
agents, the inter-agent distance is evaluated at every candidate
state. The states that violate the admissible distance bounds
are discarded from the search space. Each agent motion is
associated with a cost that depends on the direction: horizontal
and vertical have a unit cost, while diagonals have a cost equal
to v/2. The cost of a joint action is the sum of the individual
motion costs of the two agents.

The heuristic function is defined as the sum of the octile
distances between each agent and its respective goal. For an
agent at position p = (z,y) and a goal position g = (z4,y,),
the octile distance is given by

hoet (P, g) = max(Ax, Ay) + (\/5 — 1) min(Az, Ay), (1)

where Az = |z — 4| and Ay = |y —1y,|. The overall heuristic
is therefore h(js) = hoct(P1,91) + hoct (P2, g2)-

V. DISTRIBUTED FORMATION CONTROL IMPLEMENTATION

Each side-formation contains an equal number of non-
holonomic mobile robots operating on a 2D workspace. For
each robot, the planning layer provides a feasible sequence
of reference positions generated from the side-formation path.
The control strategy tracks the planned references while pre-
serving coordinated formation motion, inspired by [19]. Note
that only velocity commands are available for control.

A. Position-based control strategy

The kinematics of mobile robot 7 is modeled as a unicycle:

; =v;cosl;, Y =wv;sinb;,  0; = w;, 2

where (x;,y;,0;) denotes the robot pose and (v;,w;) are the
linear and angular control inputs.

Rather than generating reference velocities, the control
architecture adopts a position-based approach. This choice
avoids the difficulties associated with producing curvature-
continuous velocity references for non-holonomic robots, es-
pecially when the formation undergoes geometric changes,
e.g., variations in radius or curvature. Each robot is then
assigned a desired position p¢es, computed from the current
path segment and a local progression variable.

A body-frame position controller is used to generate ad-
missible velocity commands. The position error is first trans-
formed into robot-local coordinates:

€, = COS 01 A.Iz' + sin 01 Ay“ (3)
ey = —sin6; Ax; 4 cos 0; Ay;,

des
)

where Ax; = x%°° —x; and Ay; = yfes —1;. The control law

is defined as:

v; = kyer, w; =k,atan2(ey,ez), 4

with k,, k, > 0. This formulation allows smooth motion with
mild backward corrections when the goal lies behind the robot.

B. Formation compactness via path coordination

The path is divided into M segments connecting successive
formation keypoints. Within each segment s, a local pro-
gression variable o € [0,1] parametrizes the interpolation
between the start and goal settings. For a given formation
geometry F, the desired position of robot ¢ is

P (as) = filas, Fs). (5)

When a; reaches 1, the system advances to segment s + 1
with o s+1 = 0.

To maintain formation compactness, the evolution of o is
defined by a slowdown function that depends on the maximum
tracking error:

e
Aa, = V(emaz) A, (6)
T
where Ty is the nominal traversal time for a segment s, At is
the control step and the slowdown factor « is defined as:

1

7(€mam> = (7)

1 ((emen)”
+ (22)
Here, €4, = max; |pde

@5 — p;|l, Erey is a reference error
threshold, and p controls the slowdown’s intensity. This creates
a self-stabilizing feedback loop: as tracking errors increase, the
reference progression slows down, allowing robots to recover;
as errors decrease, the formation resumes nominal speed.

C. Decentralized coordination via max-consensus

A max-consensus protocol is employed to compute e,,q.
without centralized coordination. Robots communicate only
with neighbors defined by a connected communication graph
G = (V,&), where N; denotes the neighbor set of robot i.

At each control step, every robot initializes its local estimate
with its current tracking error, mel(.o) = ¢;. The estimate is then
iteratively updated by exchanging information with neighbors:

meEkH) = max <me§k),jrr€1% mej(.k)> , (8)
where k denotes the iteration index within a single control
step. Under standard assumptions on graph connectivity, the
protocol converges to the true maximum error in a number
of iterations equal to the graph diameter. By reinitializing the
estimates at each control step, the protocol correctly tracks
a time-varying maximum. Each robot then computes its own



slowdown factor v(me;) and updates its local path progression
a independently. Although consensus ensures that all robots
converge to the same estimate of e,,q;, the path variables
a, and segment indices are maintained locally by each robot,
resulting in a fully decentralized architecture that relies only
on neighbor-to-neighbor communication.

VI. LOCAL MAP ENHANCEMENT AND REPLANNING

The global planning map may not accurately consider
execution-time conditions due to sensor noise, incomplete
prior knowledge, or environmental changes. Also, global plan-
ners assume obstacles as planar, ignoring height information
that is critical for safe payload transportation and can lead
to collisions. To overcome these limitations, we introduce a
local map update and a replan strategy that integrates online
perception with the global plan. During execution, one robot
acts as a coordinator, monitoring the scenario through depth
measurements from RGB-D cameras mounted on its pole to
provide a 360° view of the environment. The locally updated
map is then used to detect potential collisions and trigger
replanning when needed.

A. Local map enhancement

The height information is encoded in an RGB map, where
colors represent different elevation levels. The initial occu-
pancy map is converted to RGB, and during robot motion, the
map regions observed by the cameras are updated, as shown in
Figure 4. Each pixel of the visible map is classified using the
z value obtained from the point cloud generated from depth
measurements:

e z = 0 is depicted in white (or cyan), it is the ground

plane (free space).

e 2z > 0 is represented by colors ranging from green (lower

heights) to red (higher elevations).

e 2z < 0 is kept in black.

Fig. 4. The height map being built during the update process.

1) Point cloud generation: With the camera intrinsics,
depth measurements are converted into a point cloud expressed
in the camera frame {C'}. The frame {C} is centered at
the camera optical center, with axes (X, Y., Z.), where Z,
aligns with the optical axis and (X.,Y.) lie on the image
plane. The points are then transformed into the map frame
{W}, whose axes (X, Y, Z,,) are defined such that the X,,—
Y., plane coincides with the ground and Z,, points upward.
The transformation is given by p,, = RuePe + twe, Where
R.,. and t,. are the rotation matrix and the translation
vector, respectively, between the camera and map frames. This

transformation depends on the camera mounting position and
the robot’s current pose.

2) Camera sensor fusion: Multiple RGB-D cameras are
used to approximate a 360° field of view, with partially
overlapping views. During each update cycle, cameras are
processed sequentially and overwrite the corresponding map
pixels, ensuring that only the most recent updates are kept.

3) Masking regions: To prevent other robots from being in-
corporated into the map as obstacles, points within a masking
region are excluded from the update. This region is defined by
the current footprint of the two side-formations and is inflated
by a small safety margin to account for tracking errors and
localization uncertainty.

B. Path replanning

The global planner generates two sequences of keypoints
of equal length, one for each side-formation, indexed by
m = 0,...,M — 1. Each keypoint represents the planned
position of a side-formation along the path. After each local
map update, the coordinator robot performs collision checks
along the planned trajectories. The side-formation is approx-
imated by a circular footprint of radius rgg. centered at
each keypoint position. A collision occurs if any map cell
intersecting this footprint is not labeled as free space. For each
pair of keypoints at index m, the corresponding payload and
cable configurations are uniquely determined from the two
side-formation positions and are checked against the height
information stored in the map.

The collision checks start n 4 1 steps ahead of the current
index my,, and proceed for at most ny,.x Steps or until the
end of the keypoint sequence. This ensures that only future
portions of the path are considered, assuming the next n + 1
steps are collision-free due to the long sensing range of the
depth cameras. Let mg. denote the first detected collision
index. When a collision is found, a contiguous segment of the
trajectory is selected for replanning. The start index is defined
as Miart = Meirst — N, With Mggary > Meyr by construction. The
end index mepq is the smallest index greater than myg such
that no collisions are detected for n consecutive steps.

Note that path replanning is not triggered immediately
due to transient or partially observed obstacles. Instead, each
candidate segment (Mg, Menq) is stored in a fixed-size queue
of length M,. Replanning behavior is only executed when all
queue elements are identical, indicating a persistent collision
across multiple map updates.

1) Joint A* with additional state validation: The path is
replanned using the Joint A* algorithm described in Sec-
tion IV-B. During state expansion, an additional validation
step is introduced to account for payload and cable constraints.
Those candidate joint states that violate these constraints are
discarded. Although this increases the computational cost of
the search, replanning is restricted to short path segments,
making the additional overhead negligible in practice.

2) Consistency of the control parameters: When replan-
ning occurs, only path segments ahead of the current forma-
tion position are modified. Since path progression is locally



parametrized within each segment, the current segment index
and the local progression as remain valid.

In limited-connectivity topologies, updated keypoints may
propagate with some delay, temporarily causing inconsistent
trajectory information across robots. However, because re-
planning only affects future segments, synchronization can
be successfully completed before the formation reaches the
modified portion.

VII. SIMULATION TESTS

A simulation was conducted with six TurtleBot3 Burger
robots in Gazebo 11 to evaluate: (i) traversal of large non-
convex obstacles while maintaining formation constraints, (ii)
integration of obstacle height into the map representation,
(iii) online replanning, and (iv) robustness to temporary robot
failures. The simulation was run on a laptop running ROS2
Humble with an Intel Core 17-14650HX, 16GB of RAM, and
an NVIDIA Laptop GeForce RTX 5070.

1) Scenario: Two three-robot side-formations with ring-
topology communication were employed. The central-to-
lateral robot distance was set to 30 cm, yielding an approx-
imate circular footprint of rgg. = 50 cm.

The mechanical configuration was defined as follows:

o Pole length: h = 135 cm (total robot height 160 cm).

« Rope length: [, = 190 cm.

o Resulting payload height: 13 cm at dp,i, = 240 cm and
100 cm at dpax = 360 cm.

The perception was provided by five depth cameras (reso-
lution 120 x 160 pixels), mounted at a height of 140 cmm with
45° inclination.

The environment was represented by a 200 x 100 grayscale
map (1 px = 10 cm), with an 8 px dilation for global planning
and a circular collision footprint of radius 5 px for replanning;
start and goal positions were manually selected.

2) Results and Discussion: A video of the complete exper-
iment is available at [20]. The initial planned path is shown
in Figure 5. The global plan was computed in 30s, with path
lengths of 29.91 m (left side-formation) and 30.38 m (right).

With control parameters E,..; = 10cm and p = 2.0,
the controllers achieved a mean lateral error of 1.2 cm (max
7.5cm). The maximum tracking error propagated through
consensus was 13.2 cm. while the maximum deviation from
the desired central-to-lateral robot distance was 2.5 cm.

To evaluate online adaptability, three previously unknown
obstacles were added to the map: one 50 x 50 x 50 cm box
and two cylinders (radius 20 cm, heights 70 cm and 90 cm).
During execution, five replanning events occurred, updating
between 15 and 24 segments per event with computation times
between 0.28 s and 1.15s. As shown in Figure 6, the trajectory
was locally adjusted to avoid the obstacles without stopping
the formation at moderate speeds.

Robustness was assessed by halting one robot for 10s. The
remaining robots progressively slowed down until the forma-
tion stopped, inducing a deformation of Cpyjqpce proportional
to the control parameters F,..; and p (Figure 7).

D NANNASY

Fig. 5. The initial path computed for the simulation test. The x and e represent
the goal and start position of the side-formation center, respectively.
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Fig. 6. Local trajectory replanning to avoid a new obstacle (brown).

VIII. REAL-WORLD EXPERIMENTS

Two experiments were conducted to validate the control
scheme with four TurtleBot3 Burgers and to assess the effect
of different distance constraints when traversing non-convex
obstacles. The robots were not equipped with depth sensors;
therefore, obstacle height was assumed fixed at 30cm. Each
robot uses a LiDAR sensor for AMCL-based localization.

1) Scenario: Two side-formations of two robots each
with ring-topology communication were deployed. Each side-
formation was approximated by a circular footprint with radius
rside = 40 cm. Each robot had a pole of length A = 100 cm
(total robot height 125 cm).

Two rope settings were evaluated:

e Setup 1: 1, = 95cm, yielding a payload height between
44 cm (dpin = 100 cm) and 67 cm (dpax = 150 cm).
e Setup 2: 1, = 105 cm, yielding a payload height between
33cm (dpin = 100cm) and 93 cm (dpax = 200 cm).
Both configurations were tested on the same 90 x 80
occupancy map with resolution 1px = 5cm. The map was
dilated using a circular kernel of radius 8 px to account for
formation size. Start and goal positions were manually defined.
2) Results and discussion: A video of the complete exper-
iment is available at [20]. The initial planned paths are shown
in Figure 8. The global path for Setup 1 was computed in
2.4 s, resulting in a total path length of 4.87 m for the left side-
formation and 4.86 m for the right side-formation. For Setup 2,
the global path was computed in 11.8s, yielding a total path
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Fig. 7. Deformation of the formation due to a temporary failure of an agent.
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Fig. 8. The initial path computed for setup 1 (a) and setup 2 (b). The x and e
represent the goal and start position of the side-formation center, respectively.
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Fig. 9. Experimental setup with 4 robots in a real-world environment, with
tighter constraint (left) and broader constraint (right).

length of 4.68 m for the left side-formation and 4.18 m for the
right side-formation.

Real-world experiments confirm the effectiveness of the
proposed approach. Increasing the admissible distance range
between side-formations yields shorter and smoother trajecto-
ries (Figures 8 and 9). However, this comes at the cost of
higher computational time due to the enlarged feasible search
space.

Empirical tests show that computational time scales poly-
nomially with the problem parameters: approximately linearly
with map dimensions, quadratically with the range of admis-
sible inter-formation distances, and as s* with grid resolution
s. Notably, since the robots are abstracted into two side-
formations during planning, the total number of robots does
not directly impact planning complexity.

IX. CONCLUSIONS AND FUTURE WORK

This paper presented a framework for multi-robot forma-
tions to jointly transport a payload with obstacle crossing. The
proposed approach reduces the crossing problem to a two-
agent path planning formulation by abstracting the robots into
two side-formations, hence favoring scalability even for large
teams. The framework was validated through both simulation
and real-world experiments; the results demonstrate that the
system can successfully traverse non-convex obstacles, adapt
to unknown obstacles through online map updates, and per-
form local replanning when necessary. The obstacle height is
added with depth measurements, enabling collision checks for
the robots, cables, and payload.

A distributed position-based control strategy ensures trajec-
tory tracking and allows the formation to react to temporary
robot slowdowns or failures through continuous inter-robot
communication. The current setup relies on geometric con-
straints for the payload’s balance and does not consider its dy-
namics. While this assumption is sufficient under quasi-static
conditions, including dynamic modeling and more advanced
control strategies would improve robustness, particularly dur-
ing aggressive maneuvers or transient disturbances. Extending

the framework to operate over larger environment maps with
multiple obstacles remains an important direction for future re-
search. Such an extension would require careful consideration
of computational scalability and planning efficiency.
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