
Vision-Based Docking for Robotic Towing of Mobile Platforms

J. P. Mafaldo1†, P. C. G. Rodrigues1†, M. R. da Silva Júnior1 and A. Durand-Petiteville1

Abstract— This work has its origins in the design of au-
tonomous stretchers and presents a vision-based docking system
designed to autonomously connect a differential drive robot
to a mobile platform. A visual marker is mounted on the
mobile platform, allowing its detection through a forward-
facing camera onboard the robot, and the robot is equipped
with a gripper to connect to the two devices. The connection,
similar to a docking problem, is performed by executing a
sequence of maneuvers. To do so, a hybrid control strategy is
employed, using position-based control for coarse maneuvering
and image-based control for precise final alignment, overcoming
the robot’s non-holonomic constraints. Numerous experimental
tests demonstrate the system’s feasibility and highlight its po-
tential for improving hospital logistics using low-cost, modular
solutions.

I. INTRODUCTION

Robotics has been identified as one of the main solutions
to help improve healthcare systems by enabling high levels
of patient care, clinical productivity, and safety for both
patients and healthcare workers [1], [2]. In fact, many
applications related to logistics [3], pharmacy, wheelchairs
[4], rehabilitation, remote assessment, and surgical robots [5]
have already been developed. However, little work has been
done to automate tasks involving hospital stretchers. Among
the problems studied, we can first mention motorization. For
example, [6] presents a study on the health benefits of a novel
robotic-assisted omnidirectional hospital bed transporter in
comparison with a conventional manual transport stretcher.
Another challenge approach consists in providing stretchers
the ability to navigate autonomously. In [7], the authors
equipped a stretcher with a laser range finder to allow it
to navigate while avoiding obstacles and, more specifically,
walking people. In [8], the stretcher is semi-autonomous: an
agent drives the stretcher, while an obstacle avoidance system
deals with hazards. More recently, a solution relying on radio
frequency tags to navigate in hospitals was presented in [9].
Thus, while autonomous stretchers are not yet available, it
is believed that these systems could improve efficiency and
reduce musculoskeletal injuries in clinicians.

In this work, instead of considering autonomous stretchers,
it is proposed to explore an approach where the stretchers
are moved by a small fleet of autonomous robots. Such
an approach has two main advantages over those based
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on autonomous stretchers: (i) there is no need to replace
the stretchers already present in the hospital, and (ii) the
number of intelligent agents is reduced. To develop an
autonomous stretcher-towing robot, it is necessary to address
two specific challenges: (i) autonomously connecting the
robot to the stretcher and (ii) autonomously navigating with
a towed stretcher. This work focuses on the first challenge
and presents a proof of concept using a robot and a mobile
platform emulating a stretcher.

The connecting task involves aligning the robot with the
mobile platform and performing a coupling using a robotic
gripper. This process is framed as a docking problem due
to its reliance on precise positioning and interaction [10]
and can be solved relying on infrared emitter-receiver, laser
rangefinder, or camera. When using an infrared emitter-
receiver [11], the docking station has to be equipped with
an active device. This solution is not cost-effective for
numerous docks, or stretchers, in the present case. In the
case of laser rangefinders [12], [13], the sensors have to
be at the same height as the pattern of interest they have
to detect. This solution is not versatile enough for dealing
with different versions of the same object. Finally, cameras
allow us to detect passive landmarks of interest at different
heights. In [14], [15], [16], the Cartesian coordinates of the
landmarks are estimated to then drive the robot to a desired
position using a position-based controller. However, such
an estimation is highly sensitive to camera calibration and
measures errors leading to poor positioning.

In this paper, it is proposed to investigate the use of
vision-based servoing to autonomously dock a robot to a
mobile platform. Such an approach has several advantages.
First, a camera has a large field of view, reducing the
constraints of positioning relative to the platform. Next,
relying on computer vision allows detecting different types
of landmarks. Finally, the landmark of interest does not
have to be active. However, vision-based controllers aim at
controlling the pose of the camera without any guarantee
on the state of the robotic system embedding the sensor. To
overcome this limitation, it is proposed to develop a docking
strategy composed of distinct maneuvers. Each maneuver
is triggered based on criteria and is executed either by an
image-based or by a position-based visual controller. In the
remainder of the paper, we detail the image processing,
criteria, and controller design required to visually dock a
robot. Thus, the second section presents the material, while
the third one details the control strategy. Finally, the fourth
section presents the results obtained during the tests.



(a) Internal view of the electronics bay. (b) Top view of the mobile robot.
(c) Mobile platform equipped with ArUco
markers and coupling posts.

Fig. 1: Mobile robot and mobile platform.

II. HARDWARE

To design our solution to autonomously dock a mobile
robot with a mobile platform, we rely on the TurtleBot4
platform. It consists of a differential drive robot whose linear
and angular speeds, respectively υ and ω, can be controlled.
It is equipped with its standard equipment: a 2-D laser
rangefinder (RPLIDAR-A1 from SLAMTECH), an RGB-
D camera (OAK-D Pro from Luxonis), and a single-board
computer (Raspberry Pi4). Two pieces of equipment were
added to the platform for this project. First, another single-
board computer (Jetson Orin Nano from NVIDIA) with a
battery was included to increase the computational capacity
of the robot (see Fig. 1a). Second, a 3-D printed gripper
was installed at the back of the robotic platform (see Fig.
1b). The gripper is operated by a servomotor, and thus it is
possible to automatically open or close it.

To emulate a hospital stretcher, the mobile platform shown
in Fig. 1c was designed and 3-D printed. It consists of
a platform equipped with four caster wheels and coupling
posts. The latter is made of two rigid tubes and allows
the gripper to physically attach the robot to the platform.
Moreover, the platform is equipped with two 3-D printed
ArUco markers [17]. The markers are passive devices used
by the robot to drive and position itself relative to the
platform. The markers were ultimately 3D-printed to prevent
physical deformations that could hinder detection and precise
robot positioning.

III. AUTONOMOUS DOCKING

The strategy designed in this work aims at autonomously
docking a differential drive robot to a mobile platform, e.g.,
a hospital stretcher, using a camera as the main sensor
while driving. As already mentioned, cameras can be used to
efficiently detect landmarks of interest and provide relevant
data to position the robot relative to the passive device.
Regarding the control of the robot, vision-based servoing can
be divided into two main categories [18]. On the one hand,
image-based controllers rely on measures computed in the

image space. Such an approach is known to be little sensitive
to calibration and measurement errors and thus allows a
precise relative positioning of the camera. However, classical
image-based servoing requires the camera to be holonomic,
which can be achieved by using a holonomic or redundant
mobile robot. Holonomic robots are usually not indicated to
tow platforms due to their price and small relative payload.
This is why it was decided to use a differential drive robot.
Classically, such robots are equipped with a camera on a pan-
platform to add a degree of freedom and create a redundant
system [19]. For the coupling problem, this solution cannot
be used. Indeed, a rigid spatial relation between the camera
and the gripper is necessary to guarantee that regulating
an error in the image space is equivalent to positioning
the gripper. The use of an additional degree of freedom
would lead to an infinite number of gripper positions for
a unique error regulation. It is then proposed to control
the non-holonomic platform using a proportional controller
regulating an error expressed in the image space. Such an
approach leads to an accurate positioning but has a non-
infinite set of initial configurations. It is then necessary to
start the image-based control from a position that will lead
to a correct positioning.

On the other hand, position-based controllers rely on
perspective geometry to estimate the pose of the robot
relative to a landmark. They are suitable to drive non-
holonomic robots, such as differential drive ones, from and
to any given pose [20]. However, pose estimation is highly
sensitive to calibration and measurement errors, making it
challenging to accurately position the platform. For this
reason, it is proposed to rely on position-based controllers
to perform maneuvers while the robot is far from the goal,
i.e., while accuracy is not mandatory. These maneuvers aim
at positioning the robot at a pose from which the image-
based controller can be started. Since no single approach
is sufficient to achieve docking, the robot must perform
a sequence of maneuvers carried out with various control
modalities. In the remainder of this section, we first present



Fig. 2: Sequence of maneuvers to autonomously dock: Initial
alignment (1) - Enter Angular Region (2-4) - Approach (5)
- Connect Devices (6-8).

the sequence of maneuvers and then detail how each of them
is performed.

A. Docking Maneuver Breakdown

The autonomous docking strategy is composed of up to 4
maneuvers shown in Fig. 2.

• Initial Alignment (Step 1): The robot rotates
to center the landmark in the field of view of the
camera. From this pose, it determines if it lies within
an angular region defined by the user. This region
represents the initial positions from which the robot will
accurately reach the desired position by being driven by
the image-based controller. Thus, if it lies within the re-
gion, the Enter the Angular Region maneuver
is skipped and the Approach one is started.

• Enter Angular Region (Steps 2–4): First, the
robot rotates to be perpendicular to the angular region
bisectrix (2). Next, it moves forward to lie on the
bisectrix (3). Finally, it rotates to align with the mobile
platform (4).

• Approach (Step 5): The robot approaches the mobile
platform to reach a user-defined relative position.

• Connect Devices (Steps 6-8): First, the robot per-
forms a 180◦ rotation to face the gripper to the mobile
platform (6). Next, it moves backward to position the
gripper around the connecting device (7). The gripper
is closed to establish a physical connection between the
robot and the mobile platform (8).

B. Image Processing and Pose Estimation

The images are processed using the ArUco module from
the OpenCV library (see Fig. 4). It consists in detecting the
two ArUco markers and in providing the (ui, vi) coordinates
of the eight corners pi, with ∀i ∈ N, 1 ≤ i ≤ 8. The center
of mass of the two ArUco markers, whose coordinates are
denoted (uC , vC), is computed by averaging the coordinates

Fig. 3: Parameters for entering the angular region and con-
necting the devices.

(ui, vi) of the points pi. The coordinates (uC , vC) are used
in the following to feed the image-based controllers.

The solvePnP module also allows us to estimate the rel-
ative orientation θP and distance dP to the mobile platform
(see Fig. 3). Indeed, knowing the geometry of the markers
and using perspective geometry, it is possible to obtain a
rough estimate of these parameters. They are used in the
following to feed open-loop position-based controllers.

C. Initial Alignment

The robot can be initially in any pose. Thus, the landmark
can be outside or on the borders of the field of view. The
Initial Alignment process is made of two steps. The
first one is performed in an open-loop fashion and consists
of rotating the robot until the landmark is completely visible.
The second part aims to center the landmark in the image.
To do so, the robot is controlled in a closed-loop fashion,
and the angular velocity ω is computed using Eq. (1), where
Ka is a user-defined scalar gain.

ω = Kaea with ea = vc (1)

Regulating ea centers the landmark in the field of view of
the camera.

Fig. 4: Example of AruCo detection.



D. Enter Angular Region
As it was previously mentioned, it is not possible to drive

a differential drive robot from any pose to a given one
by uniquely relying on an image-based controller. However,
it is possible to define an area from which the robot can
successfully reach the desired pose. In this work, such an
area is represented by an angular region whose origin is the
mobile platform and its angle is experimentally determined
(see Sec. V). This maneuver thus aims at driving the robot,
initially outside the angular region, to the line ∆ orthogonal
to the mobile platform (see Fig. 3). To do so, the angle θE
and distance dE connecting the current robot pose to the line
∆ are calculated using Eq. (2) and (3).

θE = π − θP (2)

dE = sin(θP )dP (3)

Thus, θE is used to first rotate the robot towards the line
∆, and dE to move forward to reach the line. Note that
the rotation and translation are performed in an open-loop
fashion from an exteroceptive perspective, i.e., the wheel
encoders are the only sensors used. The pose reached after
maneuvering most likely does not lie on the line ∆. Such
an inaccuracy can be tolerated, as the aim of this maneuver
was to enter the angular region from which the image-based
controller can be started. Finally, using Eq. (1), the robot
rotates to face the mobile platform.

E. Approach
When the robot lies within the angular region and is

aligned to the mobile platform, it is then possible to execute
the Approach process. It aims to drive the robot to a pose
of reference, relying on images. The pose of reference lies in
front of the mobile platform at an user-defined distance dR
(see Fig. 3). To design the image-based controller, an image
is captured at the pose of reference and processed to compute
the coordinates of the center of mass of the markers. They are
denoted (u∗

C , v
∗
C) and represent the desired values. For each

coordinate, the error between the current and desired values
controls one degree of freedom of the robot: u controls the
linear velocity while v controls the angular velocity. Such a
behavior is encoded in Eq. (4) and (5), where Kυ and Kω

are two scalar gains. Regulating (4) and (5) drives the robot
to a known pose relative to the mobile platform where the
connecting maneuver can be started.

υ = Kυeυ with eυ = uc − u∗
c (4)

ω = Kωeω with eω = vc − v∗c (5)

F. Connect Devices
The final maneuver aims to connect the two devices from

a relative pose known with a certain degree of accuracy.
For this reason, it is possible to rely on open-loop solutions.
Initially, in front of the passive device, the robot first rotates
by 180◦ to align the gripper with the coupling device. Next,
it drives backward by a distance of dR to position the open
gripper around the coupling device. Finally, the gripper is
closed to complete the connection to the mobile platform.

IV. RESULTS
In this section, we present the results obtained with the

autonomous visual docking of the TurtleBot4 robot to the
mobile platform. The strategy is implemented using the
Python language coupled with ROS2 Humble on a Raspberry
Pi 4 and a NVIDIA Jetson Orin Nano board. The control
parameters are set to Ka = 0.5, Kυ = 0.25, and Kω = 0.5.
Finally, the robot is controlled at a frequency of 15 Hz.

Fig. 5: Map of the initial poses (Purple: successful - Red:
failed - Plain: angular region tests - Dashed: additional tests).

It was decided to configure the angular region with an
angle of 40◦ (±20◦). This value was obtained empirically
after a few tests. To guarantee that it was possible to reach
the desired pose from any initial one inside the angular
region, 30 tests were performed. The spatial distribution
is shown in Fig. 5 (plain arrows). The robot successfully
reached the desired position and managed to connect to the
mobile platform from the 30 poses within the angular region.
The Enter Angular Region maneuver was executed in
one occasion due to an inaccurate pose estimation. Indeed,
many initial poses were at the edge of the angular region and
as it was mentioned earlier, the pose calculation algorithm
only provides a rough estimate. Despite the unnecessary
maneuvers, the robot managed to dock autonomously.

A breakdown of the test starting at the pose (100 cm,
10◦) is shown in Fig. 6. Initially, the robot cannot perceive
the tags (step 0). It then performs a rotation up to center
the landmarks in the image (step 1). After estimating its
pose relative to the mobile platform, it identifies itself as
being in the angular region. For this reason, it starts the
Approach maneuver, i.e., the image-based visual servoing,
to drive towards the desired relative pose (step 2). The image-
based visual servoing stops when the error in the image
is small enough, meaning the robot has reached the goal
(step 3). It next rotates by 180◦ to face the gripper towards
the mobile device (step 4), moves backward and closes the
gripper to connect to the mobile platform (step 5).

Another test is detailed in Fig. 7, focusing on the
Approach maneuver and more specifically on the image-
based controller. Indeed, this maneuver is the most important



Fig. 6: Example of visual docking starting within the angular
region.

one as it aims at accurately driving the robot to a position
from which it will execute the Connect Devices in an
open-loop fashion. Thus, in the first image (a), the original
error in the image space between the current perception of
the ArUco tags and the desired one is shown. Using this

Fig. 7: Images captured during Approach: (a) initial image
- (b)(c) intermediate images - (d) final image (Purple dots:
current ArUco corners and center of mass - Yellow dot:
desired center of mass).

Fig. 8: Example of visual docking starting outside of the
angular region.

visual error to feed the image-based controllers encoded in
Eq. (4) and (5), it is possible to drive the robot towards the
goal, as shown in (b) and (c). Finally, the visual error is
vanished (d), corresponding to the correct positioning of the
robot relative to the Aruco tags, i.e., to the mobile platform.

15 additional tests were performed. The initial poses were
randomly picked inside and outside the angular region. They
are represented in Fig. 5 by the dashed arrows. Among the
15 tests, 13 were successful while 2 failed. First, we focus
on a test starting at (50 cm, 55◦) and requiring the Enter
Angular Region maneuver. The different maneuvers are
shown in Fig. 8. Initially, the robot rotates to look for
the landmarks (step 1). Next, after estimating its relative
pose to the mobile platform, it identifies being outside the
angular region and starts the Enter Angular Region
maneuver. First, it rotates to be orthogonal to the angular
region bisectrix (step 2) and then drives forward to lie on
the bisectrix (step 3). It ends the maneuver by rotating on
itself to center the landmark in the field of view of the camera
(step 4). The Approach maneuver is then executed to place
the robot in front of the mobile device (step 5). Finally, the
Connect Devices is executed: the robot performs a 180◦

rotation, moves forwards, and closes the gripper to connect
the devices (step 6).

Finally, we analyze the two failing tests. The first one,
(150 cm, 50◦), starts far from the mobile platform. With
such a distance and angle, the Aruco detector does not
work properly. Thus, during the Initial Alignment
maneuver, the markers were not detected, and the robot did
not stop rotating. For the second test (50 cm, 55◦), the camera
perceives the landmarks with a strong perspective. The pose
estimation is then less accurate and the Enter Angular



Fig. 9: Example of docking failure.

Region maneuver ends outside the angular region (step 1 in
Fig. 9). It should be noticed that this region is narrow close to
the mobile platform. Identifying itself outside the angular re-
gion, the robot starts a second Enter Angular Region
maneuver ending within the region (step 2). However, the
robot is too close to the platform, and the Approach ma-
neuver actually moves backward (step 3). Unfortunately, the
stopping criteria are inadequate for a backward movement,
and the robot does not stop sufficiently close to the desired
pose. Thus, the Connect Devices maneuver, performed
in an open-loop fashion, fails at positioning the gripper
around the connecting plots (step 4).

V. CONCLUSIONS
The work presented in this paper has its origins in hospital

logistics problems and more particularly in the design of
autonomous stretchers. Thus, we have addressed the problem
of autonomously docking a robot to a mobile platform
relying on visual servoing. The vision-based approach has
the advantage of being able to detect diverse types of
landmarks in large fields of view. From a control point of
view, the designed strategy relies on a sequence of maneuvers
performed by position-based or image-based visual servo-
ing controllers. The tests performed have demonstrated the
relevancy of a vision-based docking solution. The proof of
concept being conclusive, it is now necessary to implement
the proposed approach on a larger robot aiming at towing
hospital stretchers. In addition to the change of scale, the
final rotation angle could be adjusted based on the measures
in the image made at the end of the Approach maneuver.
Moreover, a contact sensor could be added to the gripper
to stop the backward displacement to reduce the connecting
failure. Such improvements could benefit the solution and
make the development of autonomous stretchers possible.
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